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ABSTRACT 
 Feed intake and efficiency are extremely important traits in the dairy industry, due to 
their impact on sustainability and profitability. Unfortunately, measuring these traits in 
commercial settings is difficult. Identification of indicator traits of feed intake or efficiency 
would be of great value. As sensor use on dairy farms has become more common, these 
technologies could be applied as proxies for feed intake, if first evaluated on research farms that 
possess feed intake measuring equipment. Thus, the objectives of this study were to assess the 
usability of automated sensor technologies as indicator traits of feed intake for dairy cattle. Dry 
matter intake was adjusted for the energy sinks of milk and component yields and body weight, 
as well as contemporary group effects. Measures collected via sensor technologies were 
impacted by ambient temperature and health events (P < 0.10). The effect of THI and health 
varies by sensor type. Further, different health events impact the associations of sensor measures 
and feed intake for different durations of time. Fitting health at the time of event versus from the 
onset of illness until the end of the trial indicated that lameness has a longer lasting impact on 
feed intake and sensor measures (P < 0.05), compared to mastitis. Lame animals consumed more 
feed than healthy cohorts (0.58 – 1.66 kg/day; P < 0.10), whereas animals with mastitis 
consumed less (0.44 – 1.49 kg/day; P < 0.05). Absolute values of estimated effect sizes of sensor 
measures on ADMI ranged from 0.00003 to 4.90 kg/day (P < 0.05). The smallest estimate was 
for activity via ear tag one, without accounting for other factors. However, this measure was the 
most variable, making it potentially useful as a feed intake proxy. The largest estimated effect 
was for rumen temperature, when accounting for THI. This effect size is quite large; however, 
rumen temperature exhibits little variation and therefore has a similar impact compared to those 
with more moderate estimated effects. Significant interactions were observed between sensor 
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measures and THI, as well as sensor measures and health events (P < 0.05). These interactions 
impact the interpretation of sensor associations with feed intake and are important to consider in 
implementing sensors as proxies of feed intake. 
Two prediction methods were examined to determine if sensor measures could predict 
feed intake. The first utilized a single daily average sensor measure as a predictor of feed intake, 
whereas the second utilized multiple days at a time. Results did not indicate any predictive 
ability of these modeling types.  
In conclusion, automated technologies may be useful for detecting illness and differences 
in feed intake in commercial farms. However, consideration needs to be given to THI and health 
status of the animal.  
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CHAPTER 1. GENERAL INTRODUCTION 
 
1.1 Introduction 
Economic Importance of Feed Intake 
Feed accounts for upwards of 40% of production costs on a commercial dairy farm, 
therefore feed efficiency is an economically important trait (USDA ERS, 2017). Further, genetic 
selection for improved feed efficiency has substantial value. A 1% genetic gain in efficiency 
equates to roughly $4.5 million per year to the U.S. dairy industry alone (VanRaden, 2017). 
Unfortunately, current technologies to measure feed intake are costly and require additional 
labor, restricting their use to research settings. Current methods to determine feed efficiency 
include the use of systems to track individual feed intake (American Calan, Northwood, NH; 
GrowSafe, Calgary, AB, CA; etc.), milk and component data, regular tracking of body weight, 
and advanced statistical models to determine how efficiently an animal is utilizing feed to 
produce milk. In order to distinguish the most efficient animals in a commercial setting, the 
identification of indicator traits of feed intake and efficiency collected via portable and 
affordable technologies is needed.  
 
Environmental Importance of Feed Intake 
As the world’s population continues to grow, so does the demand for land availability 
and efficient, sustainable sources of essential nutrients. One key source of nutrients is cow’s 
milk. However, public perception and concerns for the environmental impact of agricultural 
systems have grown. By increasing feed efficiency of dairy cattle, the sustainability of the 
industry also improves. Between 2005 and 2016, agriculture contributed a total of 5 billion 
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metric tons of carbon dioxide equivalent (greenhouse) gas emissions each year (Food and 
Agriculture Organisation of the United Nations (FAO), 2018). A portion of this can be attributed 
to gas emissions from the ruminal fermentation process of cattle and manure management of 
dairies. Additionally, decreased nutrient efficiency can lead to increases in nitrogen and 
phosphorus concentrations in manure, which in turn increase the amount of land required for 
manure disposal (Knowlton et al., 2004). Furthermore, one-third of the water footprint related to 
human activity is from animal agriculture Approximately 98% of this footprint can be attributed 
to feed production (von Keyserlingk et al., 2013). Promisingly, Capper & Cady (2019) reported 
that over the past ten years, the dairy industry has made great progress in decreasing its 
environmental footprint. This is largely driven by the increase of production per cow, decrease of 
cows needed to produce an equal amount of milk and thus decrease in feed use. Further, these 
researchers noted that increases in productivity have resulted in decreased nutrient and manure 
excretion, as well as lower gas emissions. Thus, by continuing to improve the efficiency of cattle 
and ensuring best management practices are being used, the carbon and water footprints, and 
land use of the dairy industry could be further driven downwards (Capper & Cady, 2019; Thoma 
et al., 2013; von Keyserlingk et al., 2013).  
1.2 Objectives 
The aim of the study was to analyze the utility of automated sensor data as proxies for 
feed intake and efficiency in lactating Holstein cattle. The impact of point in lactation, 
environmental conditions, and health status of the animal on the use of sensors were also 
measured. The first objective was to determine if measures collected via sensors were 
significantly associated with feed intake and efficiency. Measures of interest were collected 
utilizing two types of ear tags and a single type of rumen bolus. Recorded measures included 
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animal activity, temperature, rumen pH and rumination time. The second objective was to then 
explore if stage of lactation, environmental conditions, or health status impacted feed intake or 
the ability to use automated sensors as proxies for feed intake. The third objective was to 
examine if data collected could be used to predict feed intake of animals.  
1.3 Literature Review 
The focus of the literature review is to discuss measures of feed intake and efficiency, 
and the possible applicability of precision livestock technologies as indicator traits of such 
measures. The review will start by addressing important considerations when analyzing feed 
intake and efficiency measures for the possible use in genetic selection. Next, feed intake and 
efficiency measures will be discussed. For each, a description, pros and cons of the measure will 
be given, followed by genetic aspects of the measure. Then, the complexity of determining feed 
intake and efficiency will be addressed. Following this, traits that have been researched as 
possible indicator traits for feed intake and efficiency are reported. The next section will discuss 
factors that have impact on feed intake and efficiency, that could be examined through the use of 
automated technologies. Precision technologies will then be discussed, beginning with 
explanation of technologies that are currently being used in industry or research settings and 
followed by how the measures reported from these technologies may be useful in determining 
feed intake and efficiency. Lastly, a conclusion of the literature review will be given. 
 
Critical Considerations for Analyses of Feed Intake and Efficiency 
 Numerous measurements have been examined to aid in the determination of how 
efficiently an animal utilizes feed to produce product. Such measures include relatively simple 
traits like dry matter intake and gross feed efficiency, as well as traits with increased complexity 
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such as residual feed intake and feed saved. All intake and efficiency measure share important 
considerations when collecting and selecting for the measures. First, it is important to consider 
physiological state and other biological factors when determining the period for which efficiency 
is being determined. Across a lactation, energy demands and energy balance of an animal vary 
due to demands of production and pregnancy (Coffey et al., 2001; De Vries & Veerkamp, 2000; 
Moe & Tyrrell, 1972; Spurlock et al., 2012). With this, there are observed differences in 
heritability of traits depending on the period in which the efficiency measure was calculated. A 
second commonality of measures is the need for reference populations to enable genomic 
selection. Reference populations are utilized to develop genomic predictions for non-phenotyped 
animals, as commercial herds do not collect individual feed intake records. Though these 
predictions are possible, they are limited by the fact that individual feed intake needs to be 
collected on the reference population, the reference population’s size, and its relationship with 
the population in which selection will take place (Connor, 2015; Pryce et al., 2015). Lastly, if 
selection is to be implemented for any intake or efficiency trait, the relationship between the 
measure and other traits of interest must be considered. In dairy cattle these traits are primarily 
those included in the Net Merit index, the most prominent index utilized. Included in this index 
are traits related to production, body structure, reproduction and fertility, and health and 
longevity.  
 
Measures of Feed Intake and Efficiency 
 Four prominent measures that are routinely utilized in research are discussed. These 
measures are dry matter intake, gross feed efficiency, residual feed intake and feed saved. For 
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each measure, a description of the trait is given and is followed by a discussion regarding the 
genetics of the trait. 
Dry matter intake. Feed stuffs could broadly be separated into water and nutrient 
sources, which can be measured as moisture and dry matter. The dry matter is everything that 
remains after all water content has been removed and can be determined by drying down feed. 
Due to high variability in moisture content across diets, dry matter provides a more fair 
comparison of the nutritional content in feed (Parish, 2007). The most obvious way to decrease 
feed expense would be to decrease dry matter intake (DMI), permitting that profitability remains 
consistent. In fact, one of the main appeals to selection for decreased feed intake is the ease of 
understating the concept. However, it is also important to consider how DMI and production 
traits are related, as simultaneous reduction in production would be disadvantageous. It has been 
suggested that the use of multiple trait selection indices could be utilized to reduce DMI while 
minimizing the impact on other traits of concern if they are included in the index as well (Hardie, 
2016; Van Der Werf, 2004).  
Reported heritabilities for DMI range from 0.17 to 0.60 (de Haas et al., 2012; Spurlock et 
al., 2012; Vallimont et al., 2011), depending on the point in lactation and study location. Highest 
heritabilities were reported for the second (0.60) and third (0.54) months following calving 
(Spurlock et al., 2012). Despite these promising heritabilities, genetic correlations of DMI with 
other important traits under selection may raise concern, as they may lead to undesirable changes 
in such traits. These traits include the major areas for energy demand; milk production and body 
weight (BW). Genetic correlations of these two traits with DMI range from 0.44 – 0.94 and   
0.23 – 0.86 respectively. These correlations indicate that selection for decreased DMI has the 
potential to also decrease milk production and cow weight. However, researchers have suggested 
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that optimizing decreases in DMI and increases in production is likely possible through the use 
of a selection index (Hardie, 2016; Van Der Werf, 2004; Veerkamp, 1998). In this strategy, traits 
of interest are assigned a weight based on the value of the trait, allowing for optimal selection of 
numerous traits. In dairy cattle, the primary index utilized is the Net Merit index ($NM). Traits 
within this index receive weights based on their economic importance to predict parent 
superiorities for life-time profitability (VanRaden et al., 2018). In this specific index, the highest 
weights are placed on the milk components of fat and protein, while fluid milk has a slight 
negative, but near zero weight. Other important weightings in relation to feed intake and 
efficiency include a negative emphasis on body condition score/body weight composite. 
Gross feed efficiency. A more traditional way of defining and measuring feed efficiency 
is feed conversion ratio, or gross feed efficiency (GFE). GFE is the proportion of output to input, 
or the amount of milk output produced per one unit of intake in the case of lactating dairy cattle. 
Utilization of GFE can lead to inconsistency in the method of feed efficiency calculation, since 
there are several ways to define milk output (milk pounds, energy corrected milk (ECM), etc.) 
and feed input (DMI, as fed intake, etc.; Armentano & Weigel, 2012). Nonetheless, use of GFE 
is desirable in the sense that it is relatively easy to measure, and its concept is easily explained 
and understood (Connor, 2015).  
Heritability of GFE has been shown to be moderate, with a range of 0.14 – 0.37 (Van 
Arendonk et al., 1991). This indicates that there is the possibility of selecting for improved GFE 
(Pryce et al., 2014). However, genetic correlations between milk yield and GFE are high, ranging 
from 0.88 to 0.95 (Korver, 1988). With milk production under selection through the selection for 
milk components (Pryce et al., 2015), GFE is indirectly being selected for due to the high genetic 
correlations of the two traits.  
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Though there is indirect selection for GFE, this selection may not actually improve feed 
efficiency. Rather, this apparent increase in GFE could be due to an increase in the mobilization 
of fat reserves in order for a cow to meet energy requirements (Connor, 2015; Hardie, 2016). 
This is due to the fact that GFE does not separate the amount of energy being utilized for 
maintenance, production and body mass fluctuations (Berry & Crowley, 2013; Veerkamp, 1998). 
Animals that do mobilize fat reserves will appear to be more efficient by means of GFE, as they 
are eating less feed and producing more milk. If this is the case, rapid mobilization of body 
reserves to meet energy demands could lead to increased shifts in energy utilization, decreased 
immune response, and ultimately elevated incidences of health and reproductive problems 
(Contreras, 2019; Contreras et al., 2010; Hardie, 2016; Remppis et al., 2011; Roche et al., 2009). 
Further, this situation can result in disadvantageous genetic correlations of GFE with body 
condition score (BCS), energy balance (i.e. the difference between energy consumed and energy 
required for production and survival) and reproductive traits (Connor, 2015; Spurlock et al., 
2012; Vallimont et al., 2011; Van Arendonk et al., 1991). These relationships would suggest that 
improvements in GFE could only be made if simultaneously selecting for cows with lower 
energy balance and BCS throughout lactation (Connor, 2015), further increasing the risk of 
negative impacts on health and reproduction (Collard et al., 2000; de Vries et al., 1999). An 
additional downfall to selection on GFE, or any ratio trait for that matter, is that outcomes may 
be unpredictable and thus an increase in the amount of error variance may occur, if selection 
pressure in applied unevenly to the numerator and denominator (Gunsett, 1984; Hardie, 2016; 
Pryce et al., 2015). 
Residual feed intake. Residual feed intake (RFI) as a measure of feed efficiency has 
long been used across several species because it should, in theory, be phenotypically unrelated to 
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production traits due to the method of calculation. Recently, interest in the trait has resurfaced. 
This regained attention is largely due to its applicability for genomic selection of feed efficiency 
and its incorporation in other traits of interest (Pryce et al., 2015). RFI is defined as the 
difference between actual feed intake and expected feed intake, accounting for various energy 
sinks (Koch et al., 1963). In lactating dairy cattle, these energy sinks, or processes in which the 
majority of energy is devoted, are most frequently that of production level (ECM, fat corrected 
milk, etc.), BW and the fluctuation of BW (Hardie, 2016; Pryce et al., 2014; Tempelman et al., 
2015). In order to obtain RFI, a regression model is fit for dry matter intake (DMI) on the energy 
sinks previously stated, where RFI is the residual of such regression. Due to its method of 
calculation, RFI is phenotypically independent of the energy sinks included (Hardie, 2016; Van 
Arendonk et al., 1991) and should therefore have less of an impact on health than GFE. 
Specifically of interest is the energy sink of BW change, as there should be no advantage in feed 
efficiency for cows that are mobilizing body tissue in order to maintain production (Hardie, 
2016). A downfall to RFI, due to its calculation method, is that because it is a residual it also 
includes any measurement error of traits involved, in addition to model error (Knap & Kause, 
2018).  
 Heritability estimates for RFI range from 0.02 to 0.38 (Hardie et al., 2017; Ngwerume & 
Mao, 1992; Pryce et al., 2015; Van Arendonk et al., 1991; VandeHaar et al., 2016; Veerkamp et 
al., 1995), depending on age, point in lactation and energy sinks included in RFI. This suggests 
that selecting for and inclusion of RFI in breeding goals should be possible. However, it is 
extremely important to consider any adverse correlated responses to selection that could occur. 
To date, few studies have been conducted with a sufficient number of animals to obtain reliable 
estimates of genetic correlations of production and other economically important traits (Connor, 
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2015). Current reports of genetic correlations between RFI and milk production range from -0.27 
to 0.07 (Vallimont et al., 2013; Van Arendonk et al., 1991; Veerkamp et al., 1995). Unfavorable 
correlations have been found between RFI and fertility traits, such as daughter pregnancy rate 
and conception rate (Vallimont et al., 2013), however it is unclear at this point whether or not 
this is due to improperly accounting for the mobilization of body reserves (Pryce et al., 2014).  
 Kennedy et al. (1993) suggested the use of a genetic RFI (gRFI), a value that is 
genetically independent of production. gRFI is calculated just as with phenotypic RFI, however 
predicted intake is determined from the genetic regression of feed intake on production. Utilizing 
gRFI would be advantageous in ensuring little to no adverse effects in cow production or body 
size would result from selection. Lu et al. (2018) reported similar heritabilities for phenotypic 
RFI (0.16) and gRFI (0.15), suggesting that the utilization of gRFI for selection is possible. 
One major complication arises when considering the implementation of RFI in 
commercial settings. Unlike the majority of traits selected upon, more negative numbers are 
desirable for RFI as they represent animals consuming less feed than predicted. Therefore, 
clearly explaining breeding values for RFI can be difficult. This may lead to hesitancy in the 
application and uptake of RFI for selection purposes in the industry (Connor, 2015; Pryce et al., 
2015).  
Feed saved. A more recently developed measure of feed efficiency is that of “feed 
saved”. As the name suggests, it is the amount of feed saved through the selection for animals 
that have actual feed intakes lower than predicted for the animal’s level of production, as well as 
a lower predicted maintenance requirement. In order to obtain the feed saved value, BW is used 
to predict feed required for maintenance, which is then combined with RFI. In addition to the 
lactational phase of life, information from the growing phase should also be included when 
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calculating the RFI value, as a quarter of a herd’s total DMI is consumed in stages prior to 
lactation. Rationale behind the feed saved trait was that it accounts for feed requirements in the 
same breeding value as the feed efficiency measure (Pryce et al., 2015).  
Unlike RFI, breeding values for feed saved are expressed so that higher values are more 
desirable, representing more feed saved. This is beneficial when considering the ease of 
understanding the efficiency measure, and thus the implementation of such measure into 
commercial settings. An additional advantage to considering efficiency as feed saved is that 
animals with similar RFI values can be identified on the basis of their maintenance requirements, 
and thus larger animals are penalized for higher maintenance costs (Pryce et al., 2015). This is 
beneficial, as these animals will require more energy consumption to simply survive regardless 
of production level.  
Current estimates of the reliability for feed saved are lower than most other traits utilized 
for selection, with the mean reliability of bulls being 0.37. This is in part due to the way in which 
the reliability of feed saved is calculated, as it is determined by combining the reliability of RFI 
and BW. The reliability of RFI is low due to a significant amount of error variance and weak 
relationships between the reference population and some bulls. Reliabilities are expected to 
increase as the number of animals included in the reference population increases (Pryce et al., 
2015).  
 
Complexity of Feed Intake and Efficiency 
Data collection. Despite the important implications of feed intake and efficiency, these traits 
have yet to be explicitly included in breeding objectives for dairy cattle in most countries. This is 
largely due to two factors. First, equipment and technologies currently utilized to determine 
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intake and efficiency are not practical in commercial settings. Current methods used, such as the 
American Calan System and Grow Safe, are costly and labor-intensive. Thid inhibits their use in 
a non-research setting. Second, there are limited records available for genotyped animals that 
also have phenotypes for RFI. This results in the inability to accurately predict breeding values 
for animals in commercial herds that lack phenotypic information (Berry et al., 2014; Connor, 
2015; Manzanilla Pech et al., 2014; Pryce et al., 2015; Seymour et al., 2019). Further 
complicating the situation, a standard method of estimating dry matter (DM) of feedstuffs has 
not been defined. This translates to an inconsistency of phenotypes across studies and the 
inability to fairly compare study results (Seymour et al., 2019). 
Complex phenotype definition. It has been shown that feed efficiency is multifaceted and is 
influenced by several underlying traits, including the energy sinks of milk production and energy 
required for maintenance. Due to this, utilizing genomic selection for feed efficiency is difficult. 
Work has been done to identify single nucleotide polymorphisms (SNPs) and genomic regions 
that account for portions of the phenotypic variance observed for feed efficiency. Feed efficiency 
measured as RFI has a genetic component, however genetic regulation is highly polygenic 
(Hardie et al., 2017). Further complicating the situation, the genetic basis of feed intake and 
efficiency appears to change between primiparous and multiparous animals, as well as 
throughout the course of a lactation (Hardie et al., 2017; Manzanilla Pech et al., 2014) 
 
Indicator Traits for Feed Intake and Efficiency 
Indicator traits for complex phenotypes can be used in breeding schemes. Acceptable 
indicators should be easy to measure and inexpensive to collect in comparison to the trait of 
interest. Furthermore, indicators should be heritable, genetically correlated with the trait being 
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predicted from it and have favorable relationships with other traits of interest (Pszczola et al., 
2013). An example of an indicator currently utilized in the dairy industry is somatic cell score as 
a predictor of udder health and mastitis incidences. 
Due to the difficulty in collecting an adequate amount data for direct selection of feed 
efficiency and the genetic complexity of the trait, identification of indicator traits would be 
highly beneficial. To date, BW and type traits, blood parameters, milk infrared spectroscopy, 
rumination, and camera data have been explored as possible indicators of feed intake and 
efficiency in dairy cattle.  
Body weight and type traits. It has been demonstrated that type, or morphology, traits 
generally show moderately strong, favorable genetic correlations with DMI (Bilal et al., 2016), 
indicating selecting for such conformation traits could also improve feed efficiency. Currently, 
both Holstein Association USA (Brattleboro, VT) and CRV (Arnhem, Netherlands) include a 
component of feed efficiency as a function of BW and production in their selection indices 
(Chesnais et al., 2016). The measure included in Holstein Association USA’s index is 
represented by the net profit of a producer due to increased production, accounting for the 
additional maintenance requirements and feed costs (Holstein Association USA, Inc., 2017). 
Oppositely, CRV’s trait is “Saved Feed Costs for Maintenance” and is expressed as euros saved 
per lactation from decreased feed costs for maintenance (CRV, 2018). However, it has been 
suggested that with models where only milk yield, BW, and days in milk (DIM) are considered, 
poor DMI prediction can result if the apparent increase in efficiency is due to mobilization of 
body stores (Dórea et al, 2018).  
Blood parameters. The association of blood metabolites and hormones with genetic merit 
for DMI, GFE and RFI have been examined for animals early in lactation by Dechow et al. 
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(2017). Blood parameters assessed include glucose, nonesterified fatty acids (NEFAs), beta-
Hydroxybutyrate (BHBs), growth hormone, triiodothyronine, creatinine and urea. Researchers 
found that genetic merit of DMI did not exhibit any significant associations with the parameters 
examined. An increase in GFE was significantly (P<0.05) associated with a decrease in blood 
glucose and triiodothyronine, and an increase of growth hormone. RFI exhibited a significant 
(P<0.05) positive association with glucose and a significant (P<0.05) negative association with 
growth hormone. These results indicate that blood parameters could be utilized as indicators for 
efficiency. However, researchers do warn that associations suggest that decreased blood glucose 
could result from the selection for improved GFE and RFI, which could have unintended 
negative effects on other traits such as fertility. Further research throughout lactation is needed to 
verify the direction of the relationships between blood parameters and efficiency (Dechow et al., 
2017).  
Milk infrared spectroscopy. Milk is routinely tested in a commercial setting for the 
prediction of milk components through the use of mid-infrared (MIR) spectroscopy. MIR is 
determined by passing infrared light at varying wavelengths through a milk sample and 
measuring the absorbance of the light at each wavelength. (Dórea et al., 2018; McParland et al., 
2011). Because this technology is routinely used, implementation of MIR as predictors of feed 
efficiency would have negligible costs if an accurate prediction equation is developed 
(McParland et al., 2014). This equation would require effective calibration across locations to 
allow data to be compared across testing labs (Grelet et al., 2016). Prediction equations for 
energy balance were developed by McParland et al. (2011). Researchers found that energy 
balance could be predicted at varying stages of lactation with moderate to high accuracy; 
however, prediction of energy balance across feed systems (high vs. low concentrate diets) 
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resulted in poorer accuracies. RFI predictions utilizing MIR have also been developed, exhibiting 
accuracies from 0.48 to 0.66 depending on point in lactation, whether milk yield was included or 
not, and validation method (McParland et al., 2014). In 2018, the impact of the inclusion of 
wavelengths measured via MIR in models predicting DMI was explored. A total of 1,279 milk 
samples were utilized from 308 mid-lactation animals. Varying methods of selection for 
wavelengths to utilized were examined, including those with > 1% coefficient of variation 
among animals and selection using Bayesian networks. The wavelengths selected via Bayesian 
networks appeared to add the most value when prediction was done utilizing artificial neural 
networks. Accuracy of prediction ranged from 0.06 – 0.70 depending on what additional 
information was included in the model. Lowest accuracy resulted from the model only including 
wavelengths with > 1% coefficient of variations, and highest accuracy was achieved with the 
inclusion of milk yield, BW, DIM, feeding duration and wavelengths selected form Bayesian 
networks. (Dórea et al., 2018).  
Rumination time. Rumination is the act of cattle regurgitating fibrous material from the 
rumen to the mouth, re-chewing and reinsalivation of such material, and re-swallowing (Welch, 
1982). Rumination time, measured by the amount of time an animal is chewing, and its 
relationship with DMI and RFI have been explored (Byskov et al., 2017). Researchers expected 
that rumination time, stimulated by fiber intake, would likely have a positive correlation with 
DMI, however results did not support this hypothesis. DMI and rumination time exhibited a low 
and unfavorable phenotypic correlation (-0.12). The phenotypic correlation of RFI and 
rumination time was favorable, but low at -0.11. Due to these reasons, rumination time was 
determined to be a poor predictor of DMI and only a weak indicator of feed efficiency (Byskov 
et al., 2017).  
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Image-based approaches. Camera-based methods for estimating individual feed intake have 
been researched through Light Detection and Ranging (LIDAR) sensing (Shelley et al., 2016), 
3D Time-of-Flight cameras (Lassen et al., 2018) and photogrammetry (Bloch et al., 2019). These 
methods have shown that utilization of cameras is a feasible way to obtain intake estimates. 
Utilizing LIDAR, an infrared beam is used to determine the distance to an object, with which a 
3D image of an object can be developed. From this, feed volume can be determined and utilized 
to approximate feed weight before and after an animal eats (Shelley et al., 2016). Similarly, the 
3D Time-of-Flight camera measures distance to an object via an infrared beam. This distance is 
then utilized to approximate the height of feed prior to and following an animal’s eating bout 
(Lassen et al., 2018). A downfall to these methods though, is that they are sensitive to and must 
be shielded from sunlight as it naturally contains infrared (Bloch et al., 2019; Lassen et al., 
2018). Utilizing photogrammetry, multiple cameras placed at various perspectives to an object of 
interest are used. Pictures taken from the cameras are utilized to develop a 3D image of feed and 
an algorithm applied to determine feed mass. Photogrammetry may be advantageous compared 
to other methods due the cameras’ lack of sensitivity to existing lighting conditions of barns, 
relative inexpensiveness of equipment required, non-invasive nature of measurement, and simple 
software systems (Bloch et al., 2019).  
 
Factors Impacting Feed Intake and Efficiency 
 Several factors may impact how much feed an animal consumes and how efficiently they 
utilize that feed. Factors that have possible impacts can be divided into two major categories: 
animal related traits and management decisions. Animal traits include thermoregulation, activity, 
rumen traits, microbiome, production traits and health status, while management decisions that 
may have influence include nutrition, animal grouping and pen design. 
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 Thermoregulation. Thermoregulation has been suggested to be an important aspect in 
physiological variation affecting feed efficiency of cattle (Digiacomo et al., 2014; Herd & 
Arthur, 2009). The reasoning behind this importance is that animals with higher core body 
temperatures, when compared to other individuals in the same environment, utilize more energy 
for heat production. This results in less energy devoted to production and thus lower efficiency 
(Britt et al., 2003; Digiacomo et al., 2014). In fact, it has been shown in cattle that fasting heat 
production accounted for more than 70% of the variation in maintenance requirements (Shuey et 
al., 1993). Further, in ruminants the primary route of energy loss is through evaporative heat loss, 
which is primarily regulated by respiratory rate (Herd & Arthur, 2009).  
Though the relationship of respiratory rate and feed efficiency has not been studied, body 
surface temperature as a means to predict RFI has been examined. Utilizing infrared 
thermography, the surface temperature of a cow’s body can be determined. In dairy cattle, the 
surface temperature of more efficient animals has been found to be numerically lower than that 
of less efficient cows when measured on the lower rear leg. Additionally, there was a tendency 
towards significance (P<0.10) to be able to explain the variation in RFI utilizing leg and 
paralumbar fossa temperature in a regression analysis (Hardie, 2016). This aligns with findings 
in beef cattle, where a lower skin temperature was associated with a lower RFI (Montanholi et 
al., 2009).  
Activity. Activity of Holstein cows measured via a pedometer has been identified to be 
significantly and positively correlated with RFI, for cows housed in a free-stall barn (Connor et 
al., 2013). Despite this, mean pedometer readings for high and low RFI animals were not 
significantly different from each other (Connor et al., 2013). When examining high and low RFI 
beef cattle, Hafla et al. (2013) found no difference in several measures of activity between the 
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two groups. Similarly, it has been found that Simmental ´ Holstein-Friesian heifers divergent for 
RFI exhibit no difference in activity when animals are observed in indoor housing. However, the 
same group of animals did exhibit differences in lying time when observed on pasture. In this 
situation, the low RFI animals spent a higher portion of time lying compared to the high RFI 
animals (Lawrence et al., 2012). Conversely, lactating cows on pasture did not show differences 
in standing and lying time between RFI groups, but low RFI cows did exhibit a higher number of 
step counts (Lawrence et al., 2013).  
Several studies in pigs have found physical activity to differ between high and low RFI 
animals. Individuals with a lower RFI, and therefore more efficient, were found to have a lower 
level of activity (Barea et al., 2010; Lepron et al., 2007; McPhee, 2001). This difference is likely 
attributed to the fact animals that more active animals are expending more energy on movement, 
as well as heat production. This, in turn, limits the energy available for maintenance and 
production (Herd & Arthur, 2009). This is supported by findings that have been reported in mice 
divergently selected for heat loss. Mice that were selected for high heat loss exhibited, on 
average, twice the activity counts when compared to the low heat loss mice (Mousel et al., 2001). 
 Rumen characteristics. Evaluation of rumen characteristics and their relationship with 
feed efficiency are key to understanding the biological basis of feed efficiency (Lam et al., 
2017). Such characteristics include rumen pH and temperature. Ruminal pH can be expected to 
fluctuate throughout the day, driven largely by the amount of fermentable carbohydrates in meals 
(Geishauser et al., 2012; Krause & Oetzel, 2006). When animals consume large amounts of these 
carbohydrates, ruminal pH drops. However, this drop will differ between cows depending on 
their capacity to buffer and absorb acid (Krause & Oetzel, 2006; Plaizier et al., 2008). Further, it 
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has been observed that total DMI, diet composition and particle sizes of feed stuffs can impact 
rumen pH (Krause & Oetzel, 2006).  
 Extended periods of time spent at low pH are defined as acute or subacute ruminal 
acidosis (SARA), depending on the pH value. The levels at which each of these are defined are 
not consistent across the literature, making it difficult to define set levels at which each of these 
diseases occur (Abdela, 2016). Generally, SARA is defined as a pH ranging from 5.2 to 6.0 and 
acute acidosis falls below that (Fig. 1.1; Abdela, 2016; Plaizier et al., 2008). These conditions 
can lead to a multitude of problems, including rumenitis, laminitis, diarrhea, alterations in milk 
composition, fluctuations in rumen microorganism populations and more (Abdela, 2016; Krause 
& Oetzel, 2006; Plaizier et al., 2008).  
 Ruminal temperature is typically approximately 0.5ºC – 2ºC warmer than core body 
temperatures, due to the fermentation process and heat-producing microbes (Bewley et al., 2008; 
Koltes et al., 2018). Temperature of the rumen is impacted by things such as water and feed 
intake (Koltes et al., 2018) but should have limited impact from outside environmental factors. 
For example, it has been shown that consumption of body temperature water had little impact on 
rumen temperature, whereas animals that drank large amounts of cold water exhibited sizable 
and sustained decreased ruminal temperature (Bewley et al., 2008). Furthermore, a linear 
relationship between rumen temperature and pH has been observed. Animals that spent greater 
amounts of time in an acidotic state were observed to have higher mean ruminal temperatures 
(Alzahal et al., 2008). This is logical, as heat and acid are both products of the fermentation 
process that occurs following feed consumption. 
 Previous studies in feedlot cattle have reported conflicting results related to the 
relationship of rumen pH and feed efficiency. Lam et al. (2017) found that more efficient beef 
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steers and bulls spent a higher percentage of the day in lower rumen pH ranges. This included 
times both before and after eating. In this study the inefficient cows had a tendency to spend a 
higher amount of the time in the high pH range (pH > 6.4). However, results reported from 
Fitzsimons et al. (2014) opposed the findings of Lam et al. (2017). These researchers found that 
inefficient beef cows exhibited lower rumen pH. In a 2016 study, McDonnell et al. found no 
difference in rumen pH between RFI groups. Importantly, Fitzsimons et al. (2014) and 
McDonnell et al. (2016) determine pH from rumen fluid samples, whereas Lam et al. (2017) 
utilized a rumen bolus for continuous pH collection. The measurement of rumen temperature has 
also shown varying results in its relationship with feed efficiency. In beef steers, rumen 
temperature was not shown to be related to feed efficiency (Lam et al., 2017). Oppositely, 
lactating Holstein cows that were more efficient exhibited less variability in rumen temperature, 
when the temperature was corrected for drinking events (Fischer et al., 2018).  
 Microbiome. The microbiome of a dairy cow’s rumen is essential for the animal’s ability 
to digest plant mass (Jami et al., 2014; Khiaosa-ard & Zebeli, 2014; Kruger Ben Shabat et al., 
2016; Myer et al., 2015; Sasson et al., 2017). The rumen microbiome of dairy and beef cattle has 
been shown to be impacted by host genetics and other factors, such as diet composition, rumen 
pH, age and sex (Li et al., 2019; Myer et al., 2015; Petri et al., 2013; Wallace et al., 2019). 
Furthermore, it is likely that there is a relationship between rumen microbiome composition and 
efficiency of energy conversion (Ellison et al., 2017; Jami et al., 2014; Khiaosa-ard & Zebeli, 
2014; Kruger Ben Shabat et al., 2016; Li et al., 2019; Myer et al., 2015; Sasson et al., 2017; 
Wallace et al., 2019).  
 Studies in Holstein Friesian cows have shown that the microbiome of more efficient 
animals is lower in richness (specie number) and diversity (bacteria within a species); however, 
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shows a higher dominance of microbes. With this, the microbiomes exhibited less complexity 
and an increased specialization to support the energy requirements of the host (Kruger Ben 
Shabat et al., 2016). More efficient beef steers and dairy cows have been shown to possess less 
methanogens and therefore produce less methane (Kruger Ben Shabat et al., 2016; Lam et al., 
2017; Zhou et al., 2009). Additionally, and importantly, recent research has shown that there are 
heritable elements in the rumen microbiome and these elements were associated with host traits 
such as DMI and RFI (Li et al., 2019; Sasson et al., 2017; Wallace et al., 2019). 
 Milk production. It is important to consider that fluid milk production has very little 
weight in NM$, as previously noted. With this, consideration should be for the relationship 
between efficiency and components or ECM. These relationships vary depending on how 
efficiency is defined. When efficiency is calculated as a ratio of output to input, such as GFE, 
increased efficiency is correlated with increased ECM. However, when efficiency is defined as 
actual minus predicted intake, with the prediction based on major energy sinks such as 
production (RFI), there is no correlation between efficiency and ECM (Connor et al., 2013; 
Mäntysaari et al., 2012). This is to be expected, due to the latter accounting for production level 
in its calculation (Connor et al., 2013; Hardie, 2016). 
 Stress and disease. Due to the underlying importance of nutrient partitioning in feed 
efficiency, stress and diseases can impact the efficiency of an animal (Bauman et al., 1985; 
Kvidera et al., 2016; Potter et al., 2018). When an animal undergoes any sort of physiological 
stress, including disease, maintenance requirements increase in order to mitigate the source of 
the stress. This in turn can impact feed efficiency through the shift in nutrient partitioning 
(Ballou, 2012; Collier et al., 2017; Potter et al., 2018). For instance, animals undergoing a 
disease challenge shift energy normally devoted to production and utilize it to support the 
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immune system (Kvidera et al., 2016). With this shift, a decrease in milk production could occur, 
resulting in a decrease in dilution of maintenance and a decrease in feed efficiency (Bauman et 
al., 1985; Potter et al., 2018). To date, little research has been done to examine the direct impact 
of specific diseases on feed intake and efficiency in dairy cattle.  
 Olson (2011) examined the relationship of health incidences and feed efficiency 
measured as GFE. Findings showed that mastitis was significantly (P<0.05) related to decreased 
feed intake and efficiency. It was observed that cows decreased in both energy output and input, 
but the decrease in output was larger than that of the decrease in input, resulting in decreased 
GFE. Researchers also saw a tendency (P<0.10) for a positive association between ketosis and 
feed efficiency. This, however, was described by authors to likely be due to the fact that animals 
with ketosis are mobilizing body tissue and are not truly more efficient. They suggest that the 
cows may be less efficient as the amount of energy available to support production from tissue 
mobilization is less than the feed that is required to deposit the tissue.  
The effect of lameness in cattle has also been examined and shown to influence feed 
intake, feeding behavior and milk production (Bach et al., 2007; Enting et al., 1997; González et 
al., 2008; Thorup et al., 2016). When an animal is lame, a decrease in both feed intake and 
production has been observed (Bach et al., 2007; González et al., 2008). It is likely that lameness 
has an impact on feed efficiency (Groehn et al., 1992), though this has yet to be extensively 
researched. It is possible that the effect is similar to that of mastitis as described above.  
Though it has been found in some studies that more efficient animals spent more time in 
acidotic states (Lam et al., 2017), biologically it would make sense that acidosis negatively 
impacts feed efficiency. Acidosis has been shown to decrease the digestibility of feedstuffs 
(Casper, 2008; Hall, 1999; Plaizier et al., 2001), thus limiting the amount of digestible energy 
 22 
available to the animal. Additionally, if acidosis leads to complications such as lameness, further 
impacts on feed efficiency could occur. 
Heat stress. Heat stress impacts both feed intake and milk production (O’Brien et al., 
2010; St-Pierre et al., 2003; West al., 2003; Wheelock et al., 2010), and therefore could likely 
impact measures of feed efficiency. Under heat stressed conditions, it has been observed that 
cows drop in both feed intake and milk production (St-Pierre et al., 2003; West et al., 2003; 
Wheelock et al., 2010). If output were to drop more than the decrease in energy input, as seen 
with mastitis (Olson et al., 2011), GFE would also decrease. Additional shifts in efficiency may 
be caused by shifts in metabolism. Wheelock (2010) found that decreased feed intake only 
accounted for 50% of the drop in milk production, suggesting that post-absorptive metabolism 
may be responsible for a portion of the remainder. It has been shown that post-absorptive 
carbohydrate metabolism is altered in growing Holstein calves under heat stressed conditions 
(O’Brien et al., 2010), so this is a likely possibility for the decreased production. Importantly, it 
has been suggested that postabsorptive metabolism likely plays a key role in the efficiency of an 
animal (Derno et al., 2019; Herd & Arthur, 2009; Potts et al., 2017).  
 Management practices. Numerous management practices have potential impacts on feed 
intake and efficiency, and energy partitioning of an animal. To date, research on the effect of 
management practices on properties of efficiency has focused on nutrition. This area includes 
both diet composition, feedstuff processing procedures, as well as nutritional grouping of 
animals. Cow comfort has been shown to likely impact cow behavior, feed intake and milk 
production, therefore possibly plays a role in feed efficiency. Lastly, on farm heat mitigation 
strategies influence the cooling ability of cattle and can reduce the impact of heat stress. The 
ability to account for these external factors through routinely collected data or sensor utilization 
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could allow for more accurate determination of feed intake and efficiency by decreasing 
environmental noise. This may be extremely important when considering RFI, as this efficiency 
measure is the residual from a regression model. By removing variation attributed to 
environmental factors from this residual, accuracy of RFI would be expected to improve. 
Nutritional aspects. Diet composition can play a role in the amount of digestible energy 
and nutrient partitioning of such energy. VandeHaar and St-Pierre (2006) discuss the importance 
of considering the digestibility of fiber fed, as higher digestibility results in greater milk 
production and increased GFE. However, consideration of particle sizes in the diet is key 
because inadequate long fiber particles can result in decreased fiber digestibility and GFE. 
Further, there needs to be a careful balance of energy sources in the diet to promote the rumen 
health and the desired nutrient partitioning. If a diet is comprised of low NDF and is high in 
starch, SARA and acidosis may be induced. This not only disrupts the health of the rumen and 
animal, but also could impact the efficiency of the animal as discussed above. Authors also 
describe that switching diets can impact nutrient partitioning. For instance, switching early 
lactation cows to a diet containing high fat or rapidly fermentable starch does not always result in 
increased ECM yield as would be expected. In fact, it could decrease ECM if more energy is 
being partitioned toward fat deposition of the cow. 
Additional impacts on digestibility come from the processing of feedstuffs in preparation 
for inclusion in diets. Scott et al. (1991) examined feeding soybeans processed in different 
manners. Findings showed that roasting, extrusion and grinding soybeans lowered both dry 
matter and NDF digestibility, however no difference was observed in production parameters. 
When examining different ways of processing corn silage, Bal et al. (2000) found that processed 
whole plant corn silage increased milk and fat corrected milk (FCM) production. This was 
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attributed to an increase in DMI and total-tract starch digestibility. Ferraretto et al. (2013) found 
that corn grain that was ensiled or steam processed, as well as dry corn with lower mean particle 
size, resulted in improved starch digestibility. This, however, was also related with reduced milk 
fat. Further, diets with high starch were related to decreased efficiency of FCM production. 
Numerous other studies have examined the impact of feed ingredient processing and the impacts 
it has on digestibility, rumen traits and milk production, all supporting that different processing 
strategies have an influence on areas of interest (Humer & Zebeli, 2017; Khol-Parisini et al., 
2015; López & Fernández, 2014; Yahaghi et al., 2014).  
Housing. There should be consideration given to how animals are grouped, and ensuring 
adequate bunk space and stalls for animals within a pen, as these factors can impact rumination 
and feeding activity, and resting behavior (Grant & Miner, 2015). Studies have shown that when 
animals are deprived of lying time, even for short periods, they will opt to make up lying time 
rather than feed consumption once deprivation has halted (Cooper et al., 2007; Grant & Miner, 
2015; Metz, 1985). Further, the restricted access to freestalls has been shown to increase activity 
(Ouweltjes et al., 2011). This increase in activity could cause additional heat production and 
increased maintenance requirements, thus impacting feed efficiency. When cows were deprived 
of both feed and lying ability for three hours, cows chose to lay rather than eat when given the 
two opportunities (Metz, 1985).  
Additional aspects relating to the housing environment may also impact behavior of an 
animal that has potential to alter feed efficiency. Stall specific characteristics shown to effect 
lying time include bedding type, bedding amount, moisture level of the bedding and stall design. 
(Calamari et al., 2009; N. B. Cook et al., 2005; Cook & Nordlund, 2004; Grant & Miner, 2015; 
Reich et al., 2010). Flooring type has been shown to influence time spent feeding and eating 
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speed (Ouweltjes et al., 2011). Though eating time or rate have not been shown to be direct 
measures of feed intake, it may be possible that these behaviors also result in altered intake 
(Tucker et al., 2006). 
If animals are located in an environment where their thermoneutral zone may be 
exceeded, management practicies need to be considered to decrease the effects of heat stress. In a 
commercial setting, it is common to utilize fans and sprinkler systems to assist cattle in the 
cooling process (Dunshea et al., 2013). The combination of fans and sprinklers allows for an 
increase in the evaporation rate from the skin surface of an animal, thus increasing the rate of 
cooling (Turner et al., 1992). Studies have shown that animals provided with these two systems 
mainted a lower rectal and body temperature, decreased respiratory rate and improved 
production (Collier t al., 2006; Turner et al., 1992). Importantly, animals provided both fans and 
sprinklers showed improved GFE (Collier et al., 2006). In addition to the use of fans and 
sprinklers, providing appropriate shade to animals is important. Provision of shade has been 
shown to potentially reduce heat load 30 – 50%. Furthermore, animals provided shade have 
lower rectal temperatures, decreased respiratory rate and improved milk yield. However, shade 
only reduces the heat accumulation from solar radiation, and not from ambient temperature or 
humidity. Therefore, animals located in climates that are hot and humid require additional means 
of heat mitigation (Collier et al., 2006).  
Precision feeding. Recently, the idea of precision feeding has gained interest. Precision 
feeding is the idea of providing optimal diets to all cows based on things such as DIM, 
production, feedstuff prices and the predicted variation in traits that could impact efficiency 
measures (de Ondarza & Tricarico, 2017). This idea requires a combination of careful 
consideration given to nutrition and housing of animals, combining the aforementioned 
 26 
management practices. Utilization of precision feeding can lead to increased milk and FCM 
yield, and higher physical feed efficiency of animals (Maltz et al., 2013). 
 
Precision Technologies for Monitoring Feed Intake, Efficiency and Animal Health 
 Precision livestock farming (PLF), a term coined by Dr. Daniel Berckmans in 2004, is 
defined as the management of livestock through the principles and technology of process 
engineering (Wathes et al., 2008). Simply put, PLF is the automated monitoring of livestock 
through the use of real-time sensors and devices. The sensors utilized in this monitoring can be 
called precision livestock technologies (PLT). As cow numbers continue to increase, while labor 
levels remain stagnant, precise identifications of animals with alterations in health and behavior 
becomes more difficult (von Keyserlingk et al., 2013). Due to this, PLT can be used in order to 
assist in the monitoring of performance, behavior and health of animals (Tullo et al., 2016). 
Current technologies being used or investigated for use in commercial dairies measure and 
predict traits such as activity, temperature from multiple locations on the body, rumination time, 
rumen pH, feeding time, body weight, and milk production traits. Such measures may be useful 
in predicting feed intake and efficiency in dairy cattle due to their portability and decreased cost 
in comparison to individual feed intake monitoring systems. Measurements of interest can be 
found in Table 1.1, along with the types of sensors known to record each measure. 
Unfortunately, there is limited published research on the comparisons of sensors, their utilization 
in the industry and costs of the different systems. 
 Technology types. 
 Ear tag technologies. The use of ear tag technologies in commercial dairy farms is 
widespread for estrus detection and becoming more important for health monitoring. This is 
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advantageous when considering traits recorded via these sensors for indicators, as 
implementation into the industry should be quite easy. A variety of companies produce ear tags 
measuring numerous traits, including activity, temperature, rumination and panting time. The 
cost of each ear tag is relatively low; however, most systems have an initial cost that can be quite 
costly. This cost is attributed to the need for a base station for data transfer and storage. Battery 
life of ear tag systems has improved over time; however, can be limited by the sampling rate of 
measurements (Halachmi et al., 2019). One possible downfall to this sensor type is the potential 
for the tag to become unattached. This should be considered when determining which system to 
implement and tags should be placed with care to limit this occurrence of tag losses. It is 
especially important that ear tags using infrared beams (IR) to measure temperature are placed 
correctly and securely. Shifts in these sensors may cause inaccurate readings, if the IR is no 
longer directed down the ear canal. 
Rumen boluses. Rumen boluses have been developed to monitor an animal’s activity, 
rumen pH and rumen temperature. To date, rumen boluses have not been implemented for use in 
commercial settings. This is largely due to their high cost. Similar to ear tag systems, a base 
station is required; however, the boluses themselves can be quite costly depending on 
measurements taken. Boluses recording only temperature have lower costs, while sensors that 
also record pH can cost upwards of $600. In addition to high costs, battery life of rumen boluses 
is short in comparison to other sensor types, lasting less than six months (Koltes et al., 2018). pH 
monitoring seems to deteriorate more quickly than temperature and activity measurements. 
Lastly, these boluses are irretrievable unless animals are cannulated in research settings. Even 
then, rumen boluses cannot be reused. 
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 Collar/halter mounted monitors. Collar and halter mounted systems function in similar 
manors to the ear tags and could also likely be easily implemented into commercial dairy herds. 
These systems can monitor similar traits to the ear tags as well, including activity, rumination, 
feeding and drinking time. Cost of these systems should be comparable to that of the ear tags. In 
fact, companies that produce ear tags often produce collar mounted devices as well. Collars may 
be advantageous as the likelihood of them falling off should be small. However, if animals are 
already fit with a collar for parlor monitoring, an additional collar may not be ideal. Furthermore, 
adjustments of the collars and halters would likely be necessary as cows lose and gain condition. 
This adds an additional aspect of labor to these systems. 
 Leg mounted devices. Devices that are mounted in ear tags, collars and halters can also 
be attached the leg. Devises affixed at the leg are utilized for activity monitoring of an animal. 
Leg mounted devices are possibly the earliest form of precision technology used in dairy cattle, 
being applied in the industry for heat detection. As time has gone on, these sensors have also 
developed to aid in the monitoring of animal health. These systems are low in cost, thought they 
likely vary in cost depending on the type of technology utilized to determine measurements. 
 Image data. Utilizing cameras in a commercial setting has not yet been implemented but 
offers great potential for the determination of various traits. Cameras could be utilized to 
determine body weight, body condition score, feed intake, drinking time, skin temperature and 
gate abnormalities. Different types of cameras have been researched for use, including cameras 
using IR, standard red green blue (RGB) cameras and digital cameras capturing black and white 
photos. Studies have shown that the RGB cameras are likely most applicable in the industry, as 
cameras using IR must be shielded from sunlight (Bloch et al., 2019). Images from cameras 
captured in black and white also have limitations in the ability for programs to separate an 
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animal from the background (Bewley et al., 2008). This technology could be extremely 
beneficial as hard to measure traits, such as feed intake, could be estimated through pictures and 
simple software at a relatively low cost. Further, utilizing image data to determine body 
condition score (BCS) would remove the subjective scoring of an individual that is otherwise 
required and therefore help to standardize scores. If cameras were to be utilized, placement and 
adequate area coverage of the cameras would be critical. If the object of interest is placed outside 
of the view of the camera, there is no way to measure the traits. 
 Milking monitoring systems. Advances in milking systems have led to the ability to 
detect milk weights, components, somatic cell scores, flow rate, conductivity, and more in 
conventional and automated milking systems (AMS). With the wealth of data that is regularly 
provided from milking systems, these traits have great potential for aiding in the determination 
of feed intake and efficiency. Costs for milking equipment varies, with the AMS being the most 
costly. However, AMS provide more data than conventional systems, such as number of milking 
visits and feed consumed while at the milker. 
 Measurements recorded with PLF Technologies. 
Activity measurements. Several technologies have been developed to monitor activity of 
cows. Such monitors include ear tags, rumen boluses, collars and leg-mounted devices. Different 
sensors measure activity in different manors. The simplest way of tracking an animal’s activity is 
through use of pedometers. Pedometers track step-counts by measuring vertical oscillations 
(Bassett et al., 1996). Pedometers can be either leg mounted or on a collar, however research has 
shown the leg mounted monitors to be more accurate (Firk et al., 2002). An additional way to 
measure activity is through the use of an accelerometer. Accelerometers are tri-axial, measuring 
movement in three directions (the x, y and z planes). These devices work by measuring change in 
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velocity and the static acceleration component of gravity (Halachmi et al., 2019). Accelerometers 
are used frequently by humans, being located in things such as Nintendo Wii remotes, and smart 
watches and activity trackers. Accelerometers monitoring dairy cattle activity have been 
implemented in ear tags, collars, rumen boluses and leg mounted devices. 
 To date, the use of activity measures have been used for several purposes. These include 
estrous detection (At-Taras & Spahr, 2001; Chanvallon et al., 2014; De Mol et al, 1997; Shahriar 
et al., 2016), behavior classifications such as standing, lying and feeding (Bewley et al., 2010; 
Diosdado et al., 2015; Heinicke et al., 2018; Telezhenko et al., 2012), calving time (Miller et al., 
2019; Rutten et al., 2017), and disease detection (De Mol et al., 2013; Fogsgaard et al., 2015; 
González et al., 2008; Stangaferro et al., 2016). A limited amount of research has been done 
related to the use of activity sensors and their relationship with feed efficiency, as previously 
discussed. To summarize, results across studies have not been consistent. Connor et al. (2013) 
found a positive correlation between RFI and pedometer activity, whereas results from Hafla et 
al. (2013) showed no difference between high and low RFI animals. 
 Temperature and heat loss measurements. Temperature can be automatedly measured in 
a variety of locations, including the inner-ear, rumen, intravaginally or intrarectally, or on the 
skin surface. Current technologies utilized to measure such temperatures include ear tags, rumen 
boluses, vaginal or rectal thermosensors and image data. Ear tags can measure different 
temperatures on or within the ear, including the skin surface and near the tympanic membrane. 
Ear tag sensors may exhibit daily and diurnal variation in temperature, as they can be influenced 
by environmental factors such as sun exposure (Corujo & Timms, 2017; Koltes et al., 2018). 
Rumen temperature is slightly higher than core body temperature and can be impacted by 
drinking and feeding bouts, as discussed previously. These effects may be beneficial though in 
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the prediction of feed efficiency, due to the possible impact of feeding and drinking behavior 
(Lukas et al., 2008). Reported relationships between rumen temperature and feed efficiency vary. 
Some research suggests differences in variability of temperature are seen between efficiency 
groups (Fischer et al., 2018), warranting further investigation. Thermosensors placed 
intravaginally or intrarectally are able to detect temperature changes in cattle such as fever 
(Burdick et al., 2012). Though these sensors do not typically transmit data wirelessly, they can 
be re-used and typically require limited amounts of equipment to offload information (Koltes et 
al., 2018). The use of infrared thermography can be used to determine skin temperature of the 
animal at different locations on the body. Skin temperatures are a measure of thermoregulation 
and have been shown to have a potential relationship with feed efficiency and energy use, as 
discussed previously.  
 Rumen health measurements. Rumen boluses have been used to continuously determine 
the pH of the rumen. The primary focus of research with these boluses currently is health 
monitoring and the detection of acidosis (Mottram et al., 2008). Moreover, limited research has 
been reported on pH reported via a bolus and efficiency. Current findings related to rumen pH 
and temperature suggest further investigation into their relationship with feed efficiency is 
warranted.  
An additional rumen trait that is frequently measured is that of rumination. Rumination 
has been measured through the use of accelerometers in ear tags and neck collars, as well as 
microphones within a collar tag. Recently researchers utilized a collar-based system in order to 
train a support vector machine and determine rumination from rumen bolus data (Hamilton et al., 
2019). Little research has examined the relationship between feed intake and efficiency with 
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rumination. Research that has been done suggests there is only a weak relationship between RFI 
and rumination time. 
 Milk production measurements. Milk production and components are correlated with 
GFE. These relationships should not exist if efficiency is measured as RFI. Advancements in 
milking systems have led to the ability to detect numerous traits (in addition to milk weights and 
components) each time an animal is milked, both from conventional systems and AMS. Such 
measurements could be beneficial in aiding in the determination of feed intake and efficiency, 
especially in combination with other sensor measurements. For example, high somatic cell score 
(SCC), a regularly collected measure in milking systems, has been linked to a decrease in feed 
intake and GFE. (Potter et al., 2018).  
 Body measurements. Some associations (Holstein Association USA and CRV) include a 
feed efficiency measure as a function of body weight in their indices. Thus, regularly collected 
automated measurements of body weight and body condition could be beneficial in the 
estimations of feed efficiency. To date, cameras and automated milking systems have been 
utilized to determine an animal’s body weight and BCS. Camera systems utilized are similar to 
those utilized in the determination of feed intake. These cameras include a time-of-flight 
(Anglart, 2010) and a standard camera capturing black and white images (Bewley et al., 2008). 
Researchers found in both cases promising evidence for the utility of image data in the prediction 
of body measurements.  
Identification of stress and disease. The use of PLF and automated sensors in the dairy 
industry is currently driven by the detection of health events and aiding in management decisions 
(Rutten et al., 2013). Several studies have shown associations between traits recorded via ear 
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tags, rumen boluses, collar systems, leg-mounted devices, and milking monitoring systems and 
diseases. To date, the main research has been on the detection of lameness and mastitis. 
Lameness. Through the use of a neck mounted accelerometer, Barker et al. (2018) and 
Thorup et al. (2016) were able to detect differences in feeding time between lame and sound 
animals. Moderately lame animals were found to have decreased activity recorded via neck and 
leg mounted accelerometers in the hour following feed delivery or push-ups (Weigele et al., 
2018). De Mol et al. (2013) developed prediction equations based on leg mounted 
accelerometers that were able to detect lameness with a sensitivity and specificity higher than 
85%. Bach et al. (2007) found that as severity of lameness increased, number of voluntary visits 
to an AMS and total milking frequency decreased. 
Mastitis. Rumination time detected via a neck mounted device was found to be lower in 
the period prior to an animal being diagnosed with mastitis. These cows also had lower milking 
frequency at an AMS prior to and during the mastitis event (King et al., 2018). Veissier et al. 
(2017) found that there was a disruption in the circadian pattern of activity in the days prior to 
diagnosis of mastitis. Khatun et al. (2018) were able to predict mastitis from traits such as quarter 
level milk yields recorded via AMS.  
 Potential of precision livestock technology to monitor health and feed intake. 
Automated sensors and precision technologies provide an immense amount of information, 
including measurements of activity, temperature, rumen pH, production information, and body 
weight and conditioning. These traits can help producers to make management decisions and 
have been proven to aid in the detection of health challenges. In addition to this, traits collected 
via sensors offer great potential as indicator traits for feed intake and efficiency. Further, there is 
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potential to examine the impact of health events on intake and efficiency and utilize this 
information to predict changes in feed intake and efficiency.  
 
Conclusions 
 Feed expenses are the highest cost in the production of milk. Improvements in feed 
efficiency have the potential to greatly decrease the cost of dairy production. However, direct 
selection for feed efficiency is limited due to the complications of sufficient data collection and 
the genetic complexity of the trait. Therefore, development of indicator traits for feed efficiency 
would be beneficial. To date, BW and type traits, blood parameters, milk infrared spectroscopy, 
rumination, and camera data have been explored as possible proxies of feed intake and efficiency 
in dairy cattle. With the growth of precision livestock farming and automated sensor use in 
commercial settings, traits measured via sensors may be useful as predictors of intake and 
efficiency. Additional uses of these technologies may include health monitoring, for use in both 
management decisions and the prediction of feed intake changes related to health challenges. 
Measurements recorded by precision technologies that have potential to be indicator traits 
include activity, temperature and heat loss, rumen traits, milk characteristics and body weight.  
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1.4 Table  
Table 1.1. Precision technologies and potential measurements to be applied for the monitoring of 
feed intake, efficiency and animal health. 
 Measure 
Sensor 
Type 
Activity Temperature Rumen 
traits 
Milk 
production 
Stress & 
disease 
Body 
weight 
Ear tag 
 
X X X  X  
Rumen 
bolus 
X X X  X  
Collar/ 
halter 
mounted 
 
X 
  
X 
  
X 
 
Leg 
mounted 
devices 
 
X 
    
X 
 
Image data 
 
 X    X 
Milking 
monitoring 
systems 
 
X 
 
X 
  
X 
 
X 
 
X 
 
1.5 Figure 
 
Figure 1.1. Diagram of levels of rumen pH with associated implications of extended exposure. 
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2.1 Abstract 
Feed efficiency is among the most important traits to dairy production because of its 
impact on sustainability and profitability of the industry. Due to the difficulty of measuring 
individual feed intake in commercial farms, development of indicator traits for feed intake would 
be highly beneficial. Due to the growing use of automated sensors in the industry, this study 
aimed to determine the relationship between measures recorded from sensors and an adjusted 
feed intake value. The impact of point in lactation, THI and health events on the associations 
were also examined. Results indicated that accounting for THI is especially important when 
considering the use of temperature measured via an ear tag, as it is influenced by environmental 
effects. Health events impact the associations of sensor measures and feed intake, and the length 
of this impact varies between illnesses, with lameness having a longer duration of impact. 
Further, estimates suggest that lame animals consume more feed when compared to healthy 
animals, and animals with mastitis consume less than healthy cohorts. However, interactions of 
sensor measures with THI and health events warrant caution when considering their use as 
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potential indicator traits of feed intake. The findings of this study indicate that sensor measures 
may be useful in commercial farms to aid in the detection of illnesses and variation in feed 
intake. With this information, producers could increase farm profitability through early detection 
and preventative care of health events, and anticipated fluctuations in feed consumption. 
2.2 Introduction 
Feed consumption and efficiency are economically important in the dairy industry, as 
feed expenses are the largest production cost (USDA - ERS, 2017). Popular measures of 
efficiency include gross feed efficiency (GFE) and residual feed intake (RFI). GFE is the ratio 
of output to input, whereas RFI is the difference in actual and predicted feed intake. RFI is often 
preferred over GFE, as it should be uncorrelated with other traits of interest due to the nature of 
its calculation. The determination of GFE and RFI require the collection of individual feed 
intake, which is limited in commercial settings due to the cost of equipment and labor required to 
obtain the data. Given these complications, establishment of low cost, portable proxies or 
indicator traits for feed efficiency and prediction equations for feed consumption and efficiency 
would be greatly beneficial to commercial dairies.  
Simple regression equations utilizing body weight (BW), days in milk (DIM) and milk 
yield have been applied as predictors of dry matter intake (DMI) for commercial animals (Dórea 
et al., 2018). However, these models can prove to be problematic and result in poor DMI 
predictions if an animal mobilizes body reserves in order to meet increased production demands 
rather than increasing DMI (Dórea et al., 2018). Further, rapid mobilization of energy stores, 
primarily adipose, can cause a host of problems related to health and reproduction (Contreras, 
2019; Contreras et al., 2010; Hardie, 2016; Remppis et al., 2011; Roche et al., 2009). 
Furthermore, across different DIM of lactation, the biological processes regulating metabolic 
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demands differ considerably as cows undergo substantial mobilization of energy reserves early in 
lactation and have different energy demands during peak vs. late lactation (Koltes, 2013; 
Spurlock et al., 2012). 
Recently, data from automated sensors and technologies have been examined as possible 
proxies of intake and efficiency. Methods examined include milk infrared spectroscopy, image 
data, and wearable sensors. Promising results have been found through the use of mid-infrared 
spectroscopy (MIR) of milk, a practice already routinely used in the industry to determine milk 
composition. In 2014, McParland et al. utilized MIR spectra to predict RFI of grass-fed animals 
across a lactation. Accuracy of such prediction when cross-validating ranged from 0.63 for mid-
lactation to 0.66 for late-lactation. Dórea et al. (2018) examined the inclusion of specific 
wavelengths in prediction equations for DMI. Researchers found that the inclusion of 
wavelengths in artificial neural networks improved the accuracy and precision of prediction, 
compared to methods including only DIM, BW and yield traits. A maximum accuracy of 0.70 
was achieved when including milk data, BW, DIM, feeding duration and spectral data. 
Several applications of image data captured via a variety of cameras have been 
researched, with a common interest of defining feed intake or efficiency for individual animals. 
One such application is the approximation of feed volume through cameras that utilized infrared 
(IR) or red green blue (RGB) cameras. Both cameras approximate feed volume prior to and 
following an animal’s eating bout through different methods. It has been suggested that RGB 
cameras may be the most applicable in commercial settings, as methods utilizing IR are sensitive 
to natural light (Bloch et al., 2019). Determination of skin temperature of animals through IR 
thermography has been explored, as increased heat production has been linked to lower 
efficiency (Britt et al., 2003; Digiacomo et al., 2014). Hardie (2016) reported that temperature at 
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the lower rear leg and paralumbar fossa had a tendency (P<0.10) to explain variation in 
efficiency in a regression analysis. Though image data is not currently utilized in the industry, 
these methods offer potential for the identification of more efficient animals. 
  Few known studies have examined the relationships between data from wearable sensor 
technologies and feed intake or efficiency measures. Lam et al. (2017) examined the relationship 
of rumen pH and RFI in feedlot cattle, finding more efficient animals spent a larger proportion of 
the day in lower ruminal pH ranges. Other published results have conflicted the potential use of 
these technologies as indicator traits. For example, Hafla et al. (2013) did not find a difference in 
activity via a pedometer between high and low RFI animals, but Connor et al. (2013) found a 
positive correlation between pedometer activity and RFI. Moreover, Fischer et al. (2018) 
reported that rumen temperature corrected for drinking events varied less in more efficient 
lactating Holsteins. In beef steers, however, no relationship was found between efficiency and 
rumen temperature (Lam et al., 2017). Further complications may arise when considering their 
use across production systems. Lawrence et al. (2012) reported that there was no difference in 
activity between more and less efficient Simmental X Holstein – Friesian animals when housed 
indoors, but the same group of animals exhibited difference in lying time when on pasture.  
Automated sensor information and feeding behaviors have been shown to be impacted by 
health events and heat stress. For example, Weigele et al. (2018) reported that activity measured 
utilizing neck and leg mounted accelerometers was lower in the hour after feed was delivered or 
pushed up in lame animals. Furthermore, lame animals exhibit a difference in feeding time 
compared to sound animals (Barker et al., 2018; Thorup et al., 2016). Prior to the diagnosis of 
mastitis, King et al. (2018) found animals exhibited a decrease in rumination time measured with 
a collar device. Animals with mastitis have also been reported to exhibit disruptions in the 
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circadian pattern of activities, including time spent resting, feeding and standing in the alley 
(Veissier, et al. 2017). Under heat stressed conditions, Cook et al. (2007) reported that animals 
decreased lying time, spending more time walking and standing in alleyways. Other research 
indicates that as an animal’s core body temperature increases under heat stress, an animal’s feed 
intake decreases (Spiers et al., 2004). Further, heat stress has been documented to reduce feed 
intake and efficiency in the absence of cooling approaches (Hill & Wall, 2017; Miller-Cushon et 
al., 2019). 
 The objectives of this study were (1) to examine the utility of data recorded via 
automated, wearable sensors as indicator traits for feed intake in lactating Holstein cattle; and (2) 
to evaluate the impact of ambient temperature and health events on sensor measure associations 
with feed intake.  
2.3 Materials and Methods 
Animal Husbandry 
This study was approved by the Iowa State University Institutional Animal Care and Use 
Committee (IACUC) protocol 18-174. A total of 108 Holstein cows, ranging in parity from first 
to fourth and days in milk (DIM) from 50 to 200 days at the start of data collection, were 
selected for use. The distribution of parity and initial DIM can be found in Figures 1 and 2. 
Animals with previously known health conditions were avoided when possible; however, limited 
numbers of animals had previously health incidence reports. Animals were housed in a free stall 
barn and received the standard total mixed ration (TMR) fed at the Iowa State University (ISU) 
dairy farm. TMR fed consisted of corn silage, alfalfa hay, whole cottonseed, molasses, ground 
corn, soybean meal and hulls, dried distiller grains, and a mineral and protein mix. All cows were 
milked three times a day (~ 0600, 1400 and 2200 h). The rolling herd average (RHA) for the ISU 
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herd at the time of the trials was 27,044 pounds of milk. Animal health was monitored and 
attended to by ISU veterinary personnel. Any health events, including mastitis, lameness or 
injuries, that occurred were treated promptly and noted for use in statistical analyses. 
 
Feed Intake Phenotype Collection 
The Calan Broadbent Feeding System (American Calan®, Northwood, NH) was utilized 
to measure individual feed intake on each cow. Data were collected in two seasonal cohorts 
based on available space for feed intake collection. Both cohorts included a week-long Calan 
gate training and adjustment period prior to the start of data collection. Cohort one consisted of 
48 cows on trial for a total of 74 days during the summer season. In cohort two, data were 
collected on 60 cows for 60 days, during the fall season. The fall cohort was split into two groups 
(48 and 12 animals), due to pen availability. Cows were fed a weighed amount in the morning in 
cohort one, and morning and afternoon in cohort two, with feed reclaimed just prior to feeding. 
Amount of feed given at each feeding was regularly adjusted in order to prevent underfeeding, 
with a goal of 5 – 10 pounds of reclaim. This was done in order to prevent incidences of zero 
reclaim, as this is uninformative. Pounds of reclaim and amount fed were weighed and recorded 
in order to determine daily feed intake for each animal. Feed samples were analyzed weekly for 
dry matter and monthly composite samples were evaluated for nutrient content (Dairyland 
Laboratories, Inc., Arcadia, WI). Nutrients measured included: crude protein, acid detergent fiber 
(ADF), neutral detergent fiber (NDF), lignin, starch, fat and ash. These monthly samples were 
analyzed in order to ensure consistency in nutrient content throughout the study. Information 
obtained from these analyses were used to determine animals’ dry matter intake for subsequent 
statistical analyses. 
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Milk and Health Phenotype Collection 
Milk weights were recorded daily for each of the three milkings (BouMatic LLC., 
Madison, WI). Milk samples were taken weekly from each milking within a single day for 
component analysis (Dairy Lab Services, Dubuque, IA). Components reported included fat, 
protein and lactose. These components were averaged for a day, in order to obtain the daily 
average fat, protein and lactose percentage across the three milkings. All animals were weighed 
on a weekly basis, and their body condition was scored utilizing the Elanco Animal Health five-
point scale (Elanco Animal Health, 1997). All health events were documented and monitored by 
Iowa State College of Veterinary Medicine personnel. Based on veterinary diagnosed health 
status, animals were classified into one of five health categories, with classifications including 
healthy (no health event observed), mastitis, lameness, other, or multiple concurrent health 
events.  
 
Study Population Summary Statistics 
 Summary statistics were calculated for data recorded during the study. These include 
milk yield, fat, protein and lactose percentages, body weight (BW), body condition score (BCS), 
DMI and adjusted DMI, residual feed intake (RFI) and genomic predicted transmitting ability of 
net merit (GPTANM$). RFI was calculated as in Tempelman et al., (2015) and Hardie et al., 
(2017).  
 
Automated Sensor Data Collection 
 Shortly before the start of each data collection, animals in both cohorts received 
automated sensor(s). Animals in both cohorts received ear tag one, measuring activity and inner-
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ear temperature approximately every 20 minutes (N=108). Activity was measured utilizing an 
accelerometer and inner-ear temperature was determined using an infrared beam directed 
towards the inner ear. The tags were placed on the underside of the top of the cow’s ear, snug to 
the ear canal. In addition to ear tag one, the second cohort of animals received a rumen bolus 
(N=60). Boluses measured animal activity, rumen pH and rumen temperature every 10 minutes. 
Each bolus was calibrated for pH per the manufacturer’s instruction, prior to being given to a 
cow. In addition to the first ear tag and rumen boluses, 41 of the 60 animals in cohort two had 
previously received a second ear tag for ISU Dairy Farm staff use. These tags utilized an 
accelerometer to measure cow activity and rumination time on a bi-hourly basis. Rumination 
time was reported as minutes in the two-hour window of time. Rectal temperatures were taken 
once monthly to compare with sensor measurements of temperature. 
To determine the impact of local environment on automated sensors and feed intake, 
environmental sensors were placed throughout the pens. These sensors recorded air temperature, 
black globe temperature, relative humidity, and air speed. Measurements were reported every 
five minutes. Due to high similarity between airport and environmental sensor data, local airport 
temperature and relative humidity were utilized when sensor data loss occurred (within the fall 
cohort study).  
 
Data Cleaning 
 Daily average sensor measures were examined in order to identify and remove inaccurate 
readings from sensors suspected of failing to record accurate measurements. Edits were 
conducted based on the following rules. First, all reported readings of zero were removed, as 
daily average sensor measures of zero are biologically impractical. Next, a working range of 
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each sensor measure was determined for each cohort, based on the mean and standard deviation 
of animals deemed healthy via veterinary records. Sensor failure was defined as an animal with a 
daily average sensor reading outside ± 3 standard deviations from the mean of the healthy cohort, 
including missing values, for more than five consecutive days. If such case occurred data 
collected during the period of sensor failure was removed, starting three days prior to the 
determined onset of the failure period. By doing so, measures from sensors that drifted prior to 
failure were also removed, as they were potentially inaccurate. If an animal had less than ten 
days of data for a sensor measure following the data cleaning, all of the animal’s data was 
omitted from statistical analyses. For four animals, an unexplained, large shift in activity via ear 
tag one was noted immediately following a tag replacement. In these cases, ear tag one activity 
was not included in analyses. 
 
Statistical Analyses  
Daily averages of ear tag one activity (ET1ACT) and temperature (ET1TEMP), activity 
via the rumen bolus (RBACT), rumen pH (RBPH) and temperature (RBTEMP), and ear tag 
two activity (ET2ACT) and rumination (ET2RUM) were calculated in RStudio (RStudio Inc., 
Boston, MA) using the XTS package, in order to determine their association with daily DMI 
values. All models discussed were fit using PROC GLIMMIX in SAS 9.4 (SAS Inst. Inc., Cary, 
NC).  
Adjusted dry matter intake. Dry matter intake was adjusted for energy sinks (i.e. where 
the majority of an animal’s energy was devoted) and systematic effects (e.g. contemporary group 
effects such as season and pen). This was done in order to determine if sensor measures were 
associated with intake, after accounting for traits related to maintenance and production (i.e. 
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energy sink traits). To calculate adjusted dry matter intake (ADMI), the following model was 
used: 
 
[1] !"#$%& = 	) +	+,$ +	-./% +	!#"& +	"01& +	"2& +	"3& +	"-& +	"4& +	5$%&, 
 
where !"#$%& is the response variable of dry matter intake (kg); ) is the overall mean; +,$	and 
-./%	are the class effects of the ith contemporary group and jth parity;	!#"&, "01&, "2&, "3&, 
"-&, and "4& are the fixed effects of the kth measurement of days in milk, metabolic body 
weight (body weight to the 0.75 power), milk yield (kg), milk fat (kg), milk protein (kg) and 
milk lactose (kg). ADMI was considered as the residual in of the model, 5$%&. We created the 
ADMI measure as a way of representing residual feed intake on a daily basis, as it accounts for 
the same energy sink and feed intake variables (Tempelman et al., 2015). This approach allows 
for comparisons with sensor measures collected frequently on a daily basis.  
Adjusted sensor measures. Sensor measures were adjusted for systematic effects of 
contemporary group (comprised of season and pen) and parity. This was done in order to make a 
more fair comparison to the ADMI, as differences in sensor measures were observed between 
these effects. For each sensor measure, the following model was fit in order to determine the 
adjusted sensor measure (ASM). 
 
[2] 6"$% = 	) +	+,$ +	-./% +	5$% 
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Where the response variable, 6"$%, is the daily average sensor measure; ) is the overall mean; 
+,$	and -./% are the class effects of the ith contemporary group and jth parity. The residual of the 
model, 5$%, was considered to be the ASM. 
Sensor association analyses with feed intake. In order to determine the association 
between traits recorded by the sensors and ADMI when environmental and health data is 
unavailable, the following model was fit.  
 
[3] 7!"#$ = 	) + 	76"$ +	5$ 
 
Where the adjusted dry matter intake is the response variable; ) is the overall mean; 76"$ is the 
fixed effect of the ith adjusted sensor measure; 5$ is the random residual associated with 7!"#$. 
A single sensor measure was included at a time in the model; thus, the model was fit a total of 
seven times. 
Impact of local weather on feed intake and sensor measure associations. To examine 
the influence of environmental factors on the utility of sensor measures, a model was fit 
including temperature humidity index (THI). THI was calculated following the methods of 
Yousef (1985). This method estimates THI using dry bulb temperature and dew point. To 
determine the effect of THI on feed intake, the following model was fit:  
 
[4] 7!"#$% = 	) +	89#$ +	76"% + 89#$ ∗ 76"% +	5$%, 
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where the 7!"#$% is adjusted feed intake; ) is the overall mean; 89#$ and 76"% are the fixed 
effect of the ith THI and jth adjusted sensor measure; 89#$ ∗ 76"% is the interaction of the fixed 
effects; 5$% is the random residual associated with 7!"#$%. 
Impact of health status on feed intake. The influence of health status was examined by 
fitting health status classified in one of two ways; at the isolated time of event [5] or from the 
onset of illness through the remainder of the trial [6]. The reason for modeling health in these 
two manners was to determine if health events had lasting impacts of feed intake, beyond the 
time of illness. 
 
[5] 7!"#$ = 	) +	9;8<$ +	5$ 
 
[6] 7!"#$ = 	) +	9;-$ +	5$ 
 
Where 7!"#$ is the adjusted dry matter intake; ) is the overall mean; 9;8<$ and 	9;-$ are the 
class effects of the ith health event classification at the isolated time of event and health event 
classification post onset respectively; 5$ is the random residual associated with 7!"#$. Contrasts 
were evaluated between healthy animals and each health category in order to determine if health 
events impacted feed intake differently.  
Association of sensor, health and feed intake data. To determine the impact of illness 
on the utilization of sensor measures, sensor measures and health status of the animal were 
included in the model. Health status was classified as in models [5] and [6]; 1) at the isolated 
time of event [7], or 2) from the onset of illness through the end of the trial [8]. This was done in 
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order to explore if the health events had lasting effects on the sensor measures’ utility, beyond 
the time of event.  
 
[7] 7!"#$% = 	) +	9;8<$ +	76"% +	9;8<$ ∗ 76"% +	5$% 
 
[8] 7!"#$% = 	) +	9;-$ +	76"% +	9;-$ ∗ 76"% +	5$% 
 
Where the adjusted dry matter intake is the response variable; ) is the overall mean; the class 
effect of the ith health classification, fixed effect of the jth adjusted sensor measure and the 
interaction of health classification and sensor measure were included; 5$% is the random residual 
associated with 7!"#$%. As in models [5] and [6], contrasts between healthy animals and 
animals in each health category were assessed. This was done to examine if health categories 
exhibited different impacts on ADMI, after accounting for sensor measure. 
Effect of point in lactation on ADMI and sensor data associations. To examine the 
possible impact of the point in lactation on the use of the sensor measures, model [3] was 
analyzed by DIM for each sensor measure. Multiple testing correction was done for these 
analyses, utilizing the Benjamini – Hochberg method (Benjamini & Hochberg, 1995). By 
analyzing the data in this manner, the association between feed intake and sensor measures could 
be determined for each DIM where data was available. 
 
2.4 Results 
Table 2.1 provides a summary of the descriptive statistics for the traits and model 
covariates recorded during the study, with the objective of comparing DMI and related 
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parameters across various groupings. Traits included were milk yield, fat, protein and lactose 
percentages, BW, BCS, DMI, ADMI, and RFI. Summary statistics of GPTANM$ is also 
provided. Similarly, a summary of the daily average sensor measure readings of ET1ACT, 
ET1TEMP, RBACT, RBTEMP, RBPH, ET2ACT and ET2RUM can be found in Table 2.2. 
Summary statistic for the adjusted sensor measures are shown in Table 2.3. Additional results 
will be discussed with the linked sections below. 
 
Sensor Associations with Feed Intake 
 Activity. Three different sensor activity measures were all significantly (P < 0.05) 
associated with ADMI (Table 2.4). Estimates ranged from -0.00003 ± 0.000011 (ET1ACT) to 
0.27 ± 0.052 kg/unit of activity (RBACT; Table 2.4). Analyses of activity by DIM indicate that 
after applying a correction for multiple testing, no single DIM activity measures were 
significantly associated with ADMI (q > 0.10; Figure 2.7).  
Temperature. The associations of inner-ear (ear tag one) and rumen temperature with 
ADMI were assessed and results are presented in Table 2.4. Inner-ear temperature was not 
significantly associated with ADMI; however, rumen temperature had a strong association   
(P = 1.17 E-25). The estimate of this effect on ADMI was -2.52 ± 0.24 kg/ºC. Following 
multiple testing correction, ET1TEMP exhibited no significant associations for any single DIM 
(q > 0.85); however, two DIM had significant associations (q < 0.05) between RBTEMP and 
ADMI (Figure 2.8). These days were DIM 138 and 141, and had estimated effects of -11.11 ± 
2.87 and -11.21 ± 2.63 kg/ºC respectively. 
Rumen pH. Association between rumen pH via a rumen bolus and ADMI is presented in 
Table 2.4. Results indicate that RBPH is not significantly associated with ADMI (P > 0.40). 
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Assessment of the association between pH and ADMI for single DIM (Figure 2.9) indicates that 
there are no single DIM at which RBPH is significantly associated with ADMI (q > 0.75).  
Rumination. The association of rumination time and ADMI is presented in Table 2.4. 
No significant relationship was identified between rumination time from ear tag two and feed 
intake (P > 0.95). Similarly, analysis of rumination time by DIM resulted in no DIM exhibiting 
significant associations between ET2RUM and ADMI (q > 0.30; Figure 2.10). 
 
Impact of THI on Sensor Measure Associations 
Four of the seven sensor measures were associated with ADMI when including THI and 
the interaction of sensor measure with THI in the model. The following sections breakdown the 
specific associations by measurement type.  
Activity. When THI and the interaction between THI and activity were included in the 
model (Table 2.5), ET1ACT remained significant (P < 0.01), whereas RBACT and ET2ACT 
were no longer significant (P > 0.20). The estimate for the main effect of ET1ACT was   
0.00019 ± 0.000058 kg/unit of activity. THI and the interaction of THI and ET1ACT were also 
significantly associated with ADMI in this model (P < 0.01). The estimated effect of THI was   
-0.0098 ± 0.0038 kg/THI unit, and the interaction term had an estimated effect of -3.60E-06 ± 
1.00E-07 kg/activity unit*THI unit.  
 Temperature. Prior to the inclusion of THI and the interaction between THI and 
temperature, rumen temperature was the only temperature measure associated with ADMI. 
However, when THI and the interaction were included, both inner-ear and rumen temperature 
exhibited significant associations (P < 0.001; Table 2.5). The estimated effect on ADMI for 
ET1TEMP was 0.96 ± 0.19 kg/ºC. The estimated effect on ADMI for rumen temperature was 
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larger in magnitude than that from model 3 (-4.90 ± 1.32 kg/ ºC vs. model 3: -2.52 ± 0.24 kg/ºC). 
THI was significant in both models (P < 0.05), with estimated effects of -0.012 ± 0.0040 and 
0.019 ± 0.0088 kg/THI unit for ET1TEMP and RBTEMP respectively. The interaction term was 
significant (P < 0.05) in the model including ET1TEMP, with an estimated effect of -0.017 ± 
0.0032 kg/ºC*THI unit. In the model including rumen temperature, the interaction of THI and 
temperature tended toward significance (P < 0.10) and had an estimated effect of 0.040 ± 0.024 
kg/ºC*THI unit. 
 Rumen pH. Without accounting for THI and the interaction of pH and THI, the 
association of rumen pH with ADMI was not significant (P > 0.10). Upon the inclusion of THI 
and THI by rumen pH interaction in the model, rumen pH was significantly associated with 
ADMI (P < 0.05; Table 2.5). Further, the estimate of the effect of rumen pH was 4.39 ± 2.10 
kg/pH unit. Both the main effect of THI and the interaction term were significant in the model   
(P < 0.05), with estimated effects of -0.016 ± 0.0082 kg/THI unit and -0.081 ± 0.040    
kg/pH unit*THI unit.  
Rumination. Rumination was not significantly associated with ADMI (P > 0.40) 
independently, or when THI and the interaction were included in the model (Table 2.5).  
 
Association of Health Events with Feed Intake 
 The association of health events with ADMI are presented in Table 2.6. Least squares 
means and contrasts between health event groups can be found in Tables 2.7 and 2.8. Regardless 
of how the duration of health events were modeled (at the time of event or persisting from onset 
to the end of trial), the association of health event and ADMI was significant (P < 1.00E-10). 
Significant differences (P < 0.05) in ADMI were found between healthy and lame animals when 
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health was modeled from onset forward, whereas this difference tended toward significant   
(P < 0.10) when health was modeled at the time of event. The estimates for the difference 
between healthy and lame animals were negative; -0.58 ± 0.30 kg/day when health was modeled 
at the time of illness and -0.69 ± 0.18 kg/day when health was modeled from onset to the trial’s 
end (Table 2.8). An estimated difference of 0.86 ± 0.32 kg/day was found between healthy 
animals and those with mastitis (P < 0.01) when health was modeled at the time of illness 
(Table 2.8). Comparisons between healthy animals and animals with multiple or other health 
events were non-estimable, due to limited observations in the two categories. 
 
Impact of Health Events on Sensor Measure Associations 
 Since many sensors were developed to monitor animal health, and feed intake is known 
to be impacted by health status, the effect of health on sensor associations with ADMI was 
examined. The following passages describe specific sensor measure associations when 
considering the effect of animal health events. Associations of sensor measures, health events, 
and their interactions with feed intake are presented for HETO and HEP in Tables 2.9 and 2.13, 
respectively. Least squares means of associations of health events are provided in Tables 2.10 
(HETO) and 2.14 (HEP). In Tables 2.11 and 2.15, coefficients for interaction terms are provided 
for HETO and HEP, respectively. The contrast estimates between health event classifications are 
given in Table 2.12 for HETO and Table 2.16 for HEP. 
 Activity and health at time of illness. Inclusion of health at the time of event resulted in 
significant associations (P < 0.005) of all activity measures with ADMI (Table 2.9). The 
estimated effect of activity via ear tag one, rumen bolus and ear tag two were 0.000097 ± 
0.00011, 0.23 ± 0.33 and 0.20 ± 0.17 kg/unit of activity, respectively. A significant difference   
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(P < 0.0001) in ADMI between healthy and lame animals was found for the models including 
ET1ACT or ET2ACT. Estimated effects were -1.49 ± 0.42 and -1.52 ± 0.44 kg/day when 
accounting for ear tag one and ear tag two activity respectively (Table 2.12). Regardless of the 
sensor type, differences were found between ADMI of healthy animals and those with mastitis. 
The estimates of these differences were 0.80 ± 0.36, 0.96 ± 0.43 and 1.25 ± 0.60 kg/day when 
accounting for ET1ACT, RBACT and ET2ACT respectively (P < 0.05). Significant interactions 
(P < 0.05) were observed between all activity measures and health events. Coefficients of these 
interactions can be found in Table 2.11, in order to help aid in the interpretation of sensor 
measure effects. Plots depicting such interactions are shown in Figure 2.3 (B, E and H).  
 Activity and health following onset. Modeling health from the time of onset until the 
completion of the study resulted in significant (P < 0.05) associations of ear tag one and ear tag 
two activity with ADMI (Table 2.13). The estimate for ear tag one activity was 0.000097 ± 
0.00011 kg/unit of activity, whereas the estimate for ET2ACT was 0.20 ± 0.17 kg/unit of 
activity. The main effect of health event was significant in the models including ET1ACT and 
ET2ACT, as well. Significant interactions (P < 0.05) were observed between heath events and 
ET1ACT and ET2ACT. Coefficients for these interactive effects are presented in Table 2.15 to 
facilitate the interpretation of sensor results. Depictions of interactions are shown in Figure 2.3 
(C and I). Rumen bolus activity had a tendency to be associated with ADMI (P < 0.10). In this 
model, health event was significant (P < 0.05); however, the interaction of RBACT and health 
was not (P > 0.80). Healthy animals exhibited significantly different (P <0.05) ADMI compared 
to lame animals with the inclusion of each activity measure. The estimates were -1.12 ± 0.26 
kg/day when accounting for ear tag one activity, -0.84 ± 0.40 kg/day with the inclusion of rumen 
bolus activity, and -1.66 ± 0.35 kg/day when utilizing ear tag two activity (Table 2.16). A 
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tendency towards a significant difference (P < 0.10) between healthy animals and animals with 
mastitis was observed in models including RBACT or ET2ACT, with estimates of 0.44 ± 0.26 
and 0.62 ± 0.32 kg/day respectively.  
 Temperature and health at the time of illness. When health event was modeled for the 
shorter duration, ET1TEMP tended to be associated with ADMI (P < 0.10), while RBTEMP was 
significantly associated with ADMI (P < 0.0001; Table 2.9). The estimated effect of ET1TEMP 
was -0.20 ± 0.25 kg/ºC and the estimate of RBTEMP was-2.33 ± 1.15 kg/ºC. The main effect of 
health event was significant (P < 0.05) in both temperature measure models. Contrasts indicated 
differences in ADMI between healthy and lame animals when also accounting for either 
temperature measure. The estimated difference in ADMI when accounting for ET1TEMP was   
-0.64 ± 0.38 kg/day (P < 0.10) and a difference of -1.28 ± 0.44 kg/day was found after 
accounting for RBTEMP (P < 0.001; Table 2.12). A significant difference between healthy 
animals and animals with mastitis was identified when accounting for ear tag one temperature 
measures (P < 0.05; Table 2.12), with an estimate of 0.86 ± 0.36 kg/day. Significant two-way 
interactions (P < 0.05) were observed between heath event and ET1TEMP, as well as RBTEMP. 
Coefficients for these interactive effects are presented in Table 2.11 and plots depicting 
interactions are shown in Figure 2.4 (B and D). 
 Temperature and health following onset. Rumen bolus temperature was also 
significantly associated with ADMI (P < 1.00E-11) when health was modeled following the 
onset of the health event, while ET1TEMP was not significant (P > 0.30). The estimate of the 
effect of rumen bolus temperature was -2.33 ± 1.14 kg/ºC. The main effect of health event was 
also significant in this model (P < 0.0001). The estimated difference in ADMI of healthy and 
lame animals, after accounting for rumen temperature, was -1.14 ± 0.30 kg/day (P < 0.0001; 
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Table 2.16) and the difference between healthy animals and animals that had mastitis was 0.84 ± 
0.25 kg/day (P < 0.0001; Table 2.16). There was a significant interaction (P < 0.05) between 
RBTEMP and HEP, which is important to consider when determining application of the sensor 
measure. The coefficients for this interaction are presented in Table 2.15 and an illustration of 
the interaction effects are shown in Figure 2.4 (C). 
 Rumen pH and health at the time of illness. Rumen pH was significantly associated 
with ADMI when health at the time of illness and the interaction term were included in the 
model (P <0.05). The estimated effect of RBPH was -0.072 ± 2.12 kg/unit of pH. The health 
event was also significant (P < 6.00E06). Accounting for pH resulted in differences in ADMI 
between health classification. The estimated difference between healthy and lame animals was 
0.79 ± 0.42 kg/day (P < 0.10), whereas this difference was 0.81 ± 0.41 kg/day when comparing 
healthy animals and animals with mastitis (P < 0.05; Table 2.10). The interaction of RBPH and 
HETO was significant (P < 0.05). Therefore, the coefficients of this interaction (Table 2.11) 
need to be considered in order to interpret the use of this sensor measure. This interaction is 
depicted in Figure 2.5 (B). 
 Rumen pH and health following onset. Rumen pH was not significantly associated with 
ADMI when including health from the onset of illness to the trial’s end and the pH by health 
interaction in the model (Table 2.13). However, the interaction between RBPH and HEP was 
significant (P < 0.0001). Coefficients for the interaction are located in Table 2.15, and an 
illustration of the interaction can be found in Figure 2.5 (C).  
 Rumination and health at the time of illness. Rumination time, health event and the 
interaction term showed significant associations with ADMI (P < 0.05) when health was 
modeled at the time of illness (Table 2.9). The estimated effect of ET2RUM was 0.027 ± 0.065 
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kg/minute of rumination. Significant differences between healthy animals with lame animals and 
animals with mastitis were detected (P < 0.05), with estimated differences in ADMI of -1.17 ± 
0.43 kg/day for lame animals and 1.49 ± 0.60 kg/day for animals with mastitis (Table 2.12). Due 
to the significant interaction between rumination time and health event modeled in this manner, 
it is important to consider in the interpretation of these results. The coefficients for these 
interactions are reported in Table 2.11 and are depicted in Figure 2.6 (B). 
Rumination and health following onset. When health from onset forward and the 
interaction of rumination and health was included in the model, rumination time was 
significantly associated with ADMI (P < 0.01). The estimated effect of rumination time was 
0.027 ± 0.064 kg/minute of rumination. Health event was also significant in this model    
(P < 0.0001). A significant difference (P < 0.001) in ADMI was detected between healthy and 
lame animals, with an estimated difference of -1.38 ± 0.34 kg/day (Table 2.16). The difference 
between healthy animals and animals with mastitis tended to be significant (P < 0.10) and was 
estimated to be 0.54 ± 0.31 kg/day (Table 2.16). The interaction between ET2RUM and health 
modeled following onset was significant (P < 0.001). The coefficients of this interaction can be 
found in Table 2.15. A visual representation of this interaction is shown in Figure 2.6 (C). 
2.5 Discussion 
 All sensor measures were identified to be associated with ADMI, but these associations 
varied depending on the inclusion of external factors such as animal health and environmental 
THI. Some sensor’s statistical association differed depending on how these variables were 
modeled. In considering these results, it is important to note that measures reported from some 
sensors were pre-processed by the manufacturer, while other’s measures represented raw data. 
Ear tag one measures are raw values and have not been processed, except activity which was 
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summed over a ~20-minute window. Alternatively, the rumen bolus and ear tag two measures 
are pre-processed by proprietary algorithms. This means that the data from these technologies 
may have been optimized for the detection of specific events. These events could include estrus 
detection, heat stress or health related incidents. For example, activity data for the rumen bolus 
utilized in this study was processed so that rumen motility does not impact the reported activity 
measure, to reflect cow movements over rumen movements. This pre-processing may impact the 
information captured from the bolus activity measure, making it more useful to monitor some 
behavioral traits compared to others. It is also important to note that the interpretation of this 
study is impacted by the difference in the number of animals with each sensor type, making it 
difficult to compare all results across different sensor technology types.  
 
Sensor Measures are Significantly Associated with ADMI 
 When health or THI were not accounted for (model 3), four measures recorded via 
automated sensors were found to be significantly associated with ADMI (P < 0.05). These 
measures included activity via two ear tag technologies, and activity and temperature recorded 
with a rumen bolus. The largest estimated effect, in terms of absolute value, was for rumen 
temperature (-2.52 ± 0.24 kg/ºC), whereas ear tag one activity was the smallest (-0.00003 ± 
0.000011 kg/unit of activity; Table 2.4).  
Little variability was observed for rumen temperature; however, there is enough range in 
rumen temperature to identify variability in ADMI. In fact, the difference between the largest 
and smallest recorded adjusted rumen temperature would equate to nearly 3000 kg of ADMI in a 
305-day lactation, assuming the effect remains constant over the course of a lactation. The 
directionality of the estimate suggest that animals with higher daily average rumen temperature 
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have decreased ADMI, after adjusting for energy sinks. This is opposite of what would be 
expected biologically, as it would be expected that the more animals consume, the more heat is 
produced from fermentation. However, there is a possibility that this relationship is due to 
differences in feeding behavior, with more efficient animals eating more frequently but 
consuming less feed during those meals (Fischer et al., 2018). This behavior may decrease the 
variability in rumen temperature and lead to cows with a maintained higher rumen temperature. 
Further, it may be possible that specific microbes within the rumen have some effect on 
sustained rumen temperature. 
The estimate for ear tag one activity appears small; however, this measurement exhibits 
the highest variation. In fact, the expected difference in ADMI between the highest and lowest 
adjusted activity was -1.62 kg/unit of activity per day. Over the course of a 305-day lactation, 
this would equate to over 550 kg of potential feed saved between these two animals, assuming 
the association does not change across different stages of lactation. This estimate indicates 
animals that have higher ear tag activity consume less feed (Tables 2.9), after accounting for 
differences in milk production and body weight. However, the estimated effect of activity 
measured via the rumen bolus and ear tag two had the opposite sign, equating to an increased 
ADMI for animals with higher activity. The positive relationship found between activity 
measures and feed intake is more similar to what has been reported in the literature (Connor et 
al., 2013; Lawrence et al., 2012); however, the difference observed between these sensor 
measures could be due to the fact that the ET1ACT is the only unprocessed activity measure. 
Therefore, the way the RBACT and ET2ACT data was pre-processed in the technologies’ 
accompanying software may have accounted for some factors that were not accounted for in our 
modeling, such as panting motions or ear twitches. The lack of association between rumination 
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time and ADMI is supported by previous findings by Byskov et al. (2017), where researchers 
determined rumination time to be a poor predictor of DMI. This study did not find a significant 
association between rumen pH and ADMI when not accounting for health or THI. A limited 
number of previous studies in feedlot cattle have examined the relationship between rumen pH 
and feed efficiency (Fitzsimons et al., 2014; Lam et al., 2017; McDonnell et al., 2016), however 
results have been inconsistent. It would make biological sense that both rumination time and 
rumen pH are related to feed intake, due to the impact of feed consumption on these traits. 
Importantly, without adjustment of sensor measures for the systematic effects of parity, 
and contemporary group, rumen bolus activity and temperature were the only measures found to 
have significant association (P < 0.05) with ADMI (results not shown). This suggests that these 
ear tag and rumen-based sensor measures are affected by housing (e.g. pen) and parity, and that 
it is important to adjust for these factors when examining sensor relationship with feed intake. 
For comparison of means for parity and contemporary group variables accounted for in the 
adjustment of sensor measures, see Table 2.1.  
 
Association of Feed Intake with Sensor Measures Across Specific DIM within a Lactation 
After correcting for multiple testing, rumen temperature was the only sensor type that 
exhibited significant associations of specific DIM (q < 0.05) and ADMI (Figure 2.8). These 
DIM were both in mid-lactation (DIM 138 and 141) and had similar estimated effects (-11.11 ± 
2.87 and -11.21 ± 2.63 kg/ºC). The directionality of these estimates was in agreement with other 
findings in this study, supporting the idea that animals with higher ruminal temperature have 
decreased ADMI. The timepoint of these associated DIM may suggest that rumen temperature is 
 77 
more strongly associated with ADMI during mid-lactation, while the animal is in a positive 
energy balance but prior to increased energy demands from pregnancy. 
 
Impact of THI on Feed Intake 
When THI and the interaction of THI with sensor measure were included in the model, 
RBACT and ET2ACT were no longer associated with ADMI (P > 0.10). This may suggest that 
the observed sensor measure associations with ADMI in model 3 are due to their ability to detect 
heat stress. Alternatively, it may be that the data processing methods implemented for these 
sensors adjust for THI or an environmental temperature effect such as panting time. The sign for 
the estimate of the relationship between ET1ACT and ADMI changed directions with the 
inclusion of THI and the interaction term. This further indicates that the processed data may have 
already been adjusted for THI, as the direction of the estimate of ET1ACT accounting for THI is 
the same as that for RBACT and ET2ACT in model 3. As depicted in Figure 2.3A, it appears 
that at THI levels below 68, the association of ADMI was relatively constant across activity 
levels recorded by ear tag one. However, at THI levels between 68 and 80 (i.e. moderate levels 
of heat stress), an increased activity level was related to a decrease in ADMI. Previous research 
has reported that animals in heat stressed conditions spend a decreased amount of time lying and 
increase time spent walking and standing in alleys (Cook et al., 2007). Taking this into 
consideration, these results may indicate that the animals that remain less active during heat 
stress have a decreased level of efficiency. This could be due to increased heat mitigation while 
standing compared to lying (Nordlund et al., 2019). 
Interestingly, ET1TEMP was significantly associated with ADMI (P < 0.05) only after 
accounting for THI and the interaction of ET1TEMP with THI, having not shown an association 
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(P > 0.60) with ADMI prior to the inclusion of these model terms. It has been reported that ear 
tag sensors are influenced by environmental factors, such as exposure to sunlight (Corujo & 
Timms, 2017; Koltes et al., 2018). Therefore, it is logical that accounting for ambient 
temperature is important when considering temperature reported from these sensor types. The 
estimated effect for ET1TEMP (0.96 ± 0.19 kg/ºC) was the opposite sign compared to RBTEMP 
(-4.90 ± 1.32 kg/ºC; P < 0.001). This may be due to differences in location of the temperature 
measure, as ET1TEMP is a measure of the temperature of extremities and therefore may be more 
related to peripheral blood flow. RBTEMP is closer to core body temperature and is also 
impacted by microbial fermentation. Directionality of these estimates suggest that animals with 
increased ADMI have higher temperature of extremities and lower core body temperature or 
decreased heat production from fermentation compared to animals with lower ADMI. The 
interaction of temperature via ear tag one and THI was significant (P < 0.05), whereas the 
interaction between rumen temperature and THI tended towards significance (P < 0.10). As 
depicted in Figure 2.4A, when THI was low (less than 68), higher ET1TEMP was related to 
higher ADMI. Oppositely, at a higher level of THI (68 – 80), increases in ET1TEMP were 
associated with lower ADMI. This is the opposite of what would be expected; however, it could 
indicate that animals with lower ADMI have higher temperature of the extremities due to 
increasing blood flow throughout the body. At both ranges in THI, higher RBTEMP 
measurements were related to decreased ADMI. However, at THI between 68 and 80 the 
decrease in ADMI associated with increased RBTEMP was smaller (THI 63: -2.38*RBTEMP + 
1.20 vs. THI 85: -1.50*RBTEMP + 1.62; Figure 2.4D).  
Once accounting for THI and the interaction of THI and rumen pH, the main effect of pH 
had a significant (P < 0.05), positive relationship with ADMI (4.39± 2.10 kg/unit of pH). 
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Examination of the interaction (Figure 2.5A), indicates when THI was below 68, an increase in 
ADMI was seen with higher rumen pH, whereas when THI was between 68 and 80, higher pH 
was associated with decreased ADMI (P < 0.05). The relationship demonstrated under lower 
THI is similar to previous studies in feedlot cattle, in which more efficient (i.e. lower ADMI) 
animals spent an increased amount of time at lower pH levels. The opposite relationship 
observed at higher THI may be due in part to decreased feed intake under heat stressed 
conditions (St-Pierre et al., 2003; West et al., 2003; Wheelock et al., 2010), or shifts in energy 
partitioning to energy sinks of the animals.  
 
Impact of Health Status on Feed Intake  
Health events were modeled for two different durations to determine if different health 
events impacted feed intake for varying amounts of time since some health events have longer 
lingering effects on animal behavior (Bruijnis et al., 2012). The two ways health was modeled 
was at the time of the health event and from the onset of the event until the end of the trial. A 
significant association was identified between health events and ADMI utilizing both health 
modeling methods. However, comparisons of the two health event models between healthy 
animals and animals with lameness or mastitis indicated that lameness likely impacts ADMI for 
a longer duration of time than mastitis. The difference between healthy and lame animals tended 
to be significant (P < 0.10) when health was modeled at the time of health event (N = 154 days 
on trial). This difference was significant (P < 0.0001) when health was modeled following onset 
(N = 397 days on trial). Further, strength and effect size of the associations were similar between 
health durations. Differences were only observed between healthy animals and those with 
mastitis when health was modeled at the time of event (N = 291 days on trial; P < 0.01). This is 
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likely due to the fact that the predominant form of mastitis at the ISU dairy is environmental, 
which has been suggested to clear more quickly than contagious mastitis. Therefore, this 
relationship may be different in settings where contagious mastitis occurs more frequently. 
Estimated effects on ADMI due to a health challenge (when compared to healthy animals) were 
found to be between -0.69 and 0.86 kg/day, with sign depending on the health event type. Lame 
animals were found to consume more feed than healthy animals when health was modeled either 
way. This is supported by the findings of Thorup et al. (2016), wherein lame animals exhibited 
decreased feeding time and frequencies, and increased daily feeding rates which were associated 
with increased feed intake. Furthermore, animals with mastitis had lower ADMI than healthy 
animals. Sepúlveda-Varas et al. (2016) reported similar findings, with animals consuming less 
feed in the days leading up to a mastitis diagnosis. With the identification of estimated 
differences in feed intakes related to specific health events, industry loses and possible increased 
revenue for reduced health events could be estimated for producers. Further, relationships 
between feed intake and health events could be utilized to assist in the prediction of health events 
prior to clinical signs. 
 
Association of Sensor, Health and Feed Intake Data 
The effect of the duration of health events on the association between feed intake and 
automated sensor data was also evaluated. Previous studies have reported differences in 
automated sensor data in the days leading to or at the time of occurrence of lameness and 
mastitis, compared to healthy animals (Barker et al., 2018; De Mol et al., 2013; King et al., 2018; 
Thorup et al., 2016; Veissier et al., 2017; Weigele et al., 2018). Therefore, accounting for these 
differences when examining the use of sensors as indicator traits for feed intake is important.  
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Health modeled at the time of event. Results from this study indicate that inclusion of 
health events at the time of illness is important for all sensor measures (Table 2.9; Figures 2.3B, 
E and H, 2.4B and E, 2.5B, and 2.6B). Health events impact sensor measures and their 
association with ADMI around the time illness; however, the associations varied by sensor type 
and measure utilized. Significant, negative differences (P < 0.05) in ADMI were observed 
between healthy and lame animals, except for temperature from ear tag one (P < 0.10) and 
animal activity reported via the rumen bolus (P > 0.10). The lack of a significance difference in 
ADMI between healthy and lame animals when accounting for RBACT may be due to the 
processing method of this sensor type. It may also indicate that the movement of the 
accelerometer in the rumen is impacted less by lameness. Animals deemed healthy versus those 
with mastitis exhibited significant, positive differences in ADMI (P < 0.05) in models including 
each sensor measure, with the exception of RBTEMP (P > 0.05).  
Sensor measure by health class interactions indicate that the association of ADMI with all 
activity measures differs between healthy and lame animals (Table 2.11; Figure 2.3B and H). 
With ET1ACT, animals that were healthy displayed a negative relationship between activity and 
ADMI. As for ET2ACT, there appeared to be little association between the measure and ADMI 
when animals were healthy. For all three sensors, increased activity of lame animals was related 
to higher ADMI. It has been shown that when lame, animals have altered body movements while 
walking. This includes increased head motion (i.e. head bobbing; Schlageter-Tello et al., 2015). 
When activity is reported via an ear tag, increased lameness could cause an apparent increase in 
activity due to more drastic head bobbing. If this is the case, it would be logical that more severe 
lameness is related to increases in activity. For ear tag two, however, this explanation may not be 
valid, depending on what factors were included in data processing. It may also be possible that 
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lame animals that are more active have less time to heal, potentially contributing to higher 
ADMI. 
 When animals were healthy, there was no association of rumen pH with ADMI (Table 
2.11; Figure 2.5B). However, when animals were lame, an increase in ADMI was observed as 
pH increased. Oppositely, higher pH was associated with lower ADMI when animals had 
mastitis. These differences could be due to changes in feeding behavior under different health 
challenges (Sepúlveda-Varas et al., 2016; Thorup et al., 2016). Furthemore, it may be possible 
that changes in energy sinks (i.e. milk production and maintenance requirements) are different 
between diseases. 
 There were no interactions for the health event levels of healthy, lame and mastitis for  
temperature measures and ET2RUM. However, a significant interaction was detected for health 
classifications with multiple or other classifications (Table 2.11; Figures 2.4B and E, 2.6B). 
Health events modeled from diagnosis through the duration of the study. Modeling 
health from the onset of an illness until the end of the trial resulted in significant associations   
(P < 0.05) between ADMI and ET1ACT, ET2ACT, RBTEMP and ET2RUM, while RBACT 
had a tendency towards significance (P < 0.10). This may indicate that health events impact 
these measures for longer periods of time. Upon examining the estimated effect of lameness and 
mastitis, it appears lameness was the driving factor of this association (P < 0.0001) for ET1ACT, 
ET2ACT and ET2RUM, as there was no significant difference in ADMI between healthy 
animals and those with mastitis (P > 0.05) for these sensor measures. As mentioned previously, 
this is likely due to the fact that the predominant mastitis at ISU is environmental and likely has a 
shorter window of impact. However, significant differences in ADMI were observed between 
healthy and lame, and healthy and mastitic animals when evaluating the association with 
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RBTEMP (P < 0.0001). This difference in association with temperature for animals with mastitis 
suggests that mastitis may cause differences in core body temperature for extended periods of 
time. This could be due to inflammation or immune system activation that may be detected by 
rumen temperature but could not be identified by ear tags. Estimated effects on ADMI again 
indicate that lame animals consume more feed and animals with mastitis consume less than 
healthy animals, as was found in the previous discussed health event models.  
The interaction between ET1ACT and health event was not different for healthy and lame 
classifications (Table 2.15; Figure 2.3C), as had been seen when health was modeled for the 
shorter duration. This suggests that lameness does not impact activity from this ear tag for 
extended periods of time. For ET2ACT, however, the interaction term was again different for 
healthy and lame animals. When healthy, increased activity was related to a slight increase in 
ADMI. The directionality of the relationship was the same for lame animals, however the 
increase in ADMI observed with increased activity was larger in magnitude (healthy: 0.030 ± 
0.022 kg/unit of activity; lame: 0.29 ± 0.070 kg/unit of activity). This may be due to changes in 
walking movements or prolonged healing time when activity is increased, as previously 
described.  
When health was modeled at the time of event, there was no interaction of RBTEMP and 
healthy, lame or mastitis classifications. Conversely, health modeled for the longer duration 
resulted in a significantly different (P < 0.05) interaction term for healthy and lame animals 
(Table 2.15; Figure 2.4F). In this study, when animals were healthy, higher rumen temperatures 
were associated with decreased ADMI. When lame animals, however, there appears to be little 
difference in ADMI across rumen temperatures. As discussed previously, lameness has been 
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shown to result in alterations of feeding behavior (Thorup et al., 2016). These differences may 
impact the relationship of rumen temperature and ADMI. 
Though the main effect of RBPH was not significant, a significant interaction was found 
between rumen pH and health event modeled from onset to the end of the trial, in association 
with ADMI. As with health modeled for the shorter duration, differences in ADMI were found 
between healthy and lame animals, as well as animals classified as healthy and with mastitis 
(Table 2.15; Figure 2.5C). It appears that when animals were healthy there was no association 
of rumen pH and ADMI. With lameness, an increase in pH was related to an increase in ADMI. 
Oppositely, when animals had mastitis, ADMI decreased as pH increased. The similarity in the 
interactions of pH and health events modeled for either duration suggest that lameness and 
mastitis may impact rumen pH and ADMI at the time of event and beyond. It may also be 
possible that other factors occurring during illness impact pH for varying amounts of time. 
 
Interpretation of Sensor Associations with Feed Intake 
Significant associations between sensor measures and ADMI were observed in models 3, 
4, 7 and 8. This indicates that sensor measures are detecting either the impact of heat stress on 
feed intake, differences in feed intake due to health status, or variation in feed intake 
unaccounted for by THI or the health of the animal. However, the effect of interactions that were 
found merit caution on how the sensors are utilized for animals in different environments and 
health conditions.  
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Associations Between Sensors and Feed Intake Would be Useful to Enhance Sustainability 
 Management application. Results from this study indicate that automated sensor 
technologies are likely useful in commercial settings as management tools related to feed intake 
and health events. Through the use of sensors, fluctuations in feed intake or the potential impacts 
of environmental and health effects impacting feed intake could be anticipated if algorithms can 
be developed to predict these events. Prediction of feed intake on a daily basis could allow 
producers to feed animals more precisely, thus reducing feed waste and ensuring animals have 
increased feed when needed to maximize production, prevent health events, and improve dairy 
sustainability. 
 Genetic applications as indicator traits. Results of this study indicate that sensor 
measures are significantly associated with dry matter intake, when the measures are adjusted for 
contemporary group, animal health and temperature effects. Considerable variation in sensor 
measures were observed within this study population, which may indicate the potential for use in 
selection if sensor traits are heritable. These results warrant further investigation into the 
heritability of the sensor measures, the underlying biology and the relationship of sensor traits 
with other traits under selection (e.g. Net Merit index) to determine their usefulness as indicator 
traits of ADMI. 
2.6 Conclusions 
 Seven different sensor measures were examined for their association with feed intake (i.e. 
ADMI), with four measures exhibiting significant associations with ADMI (ET1ACT, RBACT, 
ET2ACT and RBTEMP; P < 0.05). Estimated effects for each of the sensor measures were 
considerable, given the variability and effect sizes for each. THI and health status were identified 
as important factors impacting sensor associations with ADMI. Results indicated that the 
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inclusion of THI is important for ear tag sensors, while health events impact all the sensor 
measures, as well as ADMI. It is important to consider health events at the time of their 
occurrence, regardless of the sensor measure or sensor type. Moreover, the association of some 
sensor measures, including ET1ACT, ET2ACT, RBTEMP and ET2RUM, with ADMI appears to 
be impacted by health events for a longer duration of time. Lameness is associated with ADMI 
for longer durations of time compared to mastitis, with the exception of RBTEMP. The 
association of RBTEMP and ADMI was affected for longer periods of time in both lameness and 
mastitis events. Associations of RBTEMP with ADMI may be impacted by mastitis for longer 
periods due to inflammation and immune system activation. The impact of mastitis on ADMI 
primarily only at the time of event is likely due to the fact that the most prominent mastitis forms 
at ISU are environmental. Animals diagnosed with lameness consistently had higher levels of 
ADMI, whereas animals with mastitis consumed less than healthy animals. This observation is 
likely due to differences in feeding behavior. Significant interactions were found between sensor 
measures and THI, as well as sensor measures and health events. These interactions indicate that 
application of sensor use may vary depending on the environment and health status of the 
animal. 
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2.8 Tables 
Table 2.1. Summary statistics of data recorded 
Trait Lactation CG  n Mean SD Minimum Maximum 
Daily milk 
yield, kg/d 
1 
 
 
2+ 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
1180 
1500 
300 
2015 
1380 
420 
42.48 
37.77 
37.39 
48.40 
44.15 
44.74 
3.84 
6.44 
5.44 
6.05 
9.98 
7.76 
26.41 
12.43 
17.83 
24.64 
7.53 
20.41 
56.77 
69.64 
54.58 
68.73 
69.76 
57.88 
Fat, % 1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
165 
220 
44 
272 
194 
63 
3.15 
3.68 
3.66 
3.42 
3.78 
3.82 
0.41 
0.50 
0.35 
0.54 
0.64 
0.79 
2.09 
2.06 
3.09 
2.01 
2.01 
2.16 
4.30 
5.12 
4.75 
5.19 
6.39 
7.23 
Protein, % 1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
165 
220 
44 
274 
94 
63 
3.03 
3.12 
3.05 
2.94 
3.09 
3.14 
0.16 
0.24 
0.20 
0.22 
0.33 
0.24 
2.61 
2.19 
2.57 
2.29 
1.45 
2.60 
3.50 
3.65 
3.51 
3.53 
3.96 
3.55 
Lactose, % 1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
165 
220 
44 
274 
94 
63 
4.83 
4.76 
4.67 
4.72 
4.64 
4.66 
0.14 
0.14 
0.15 
0.12 
0.22 
0.11 
4.42 
3.34 
4.30 
4.32 
2.49 
4.36 
5.16 
5.11 
4.99 
5.04 
4.89 
4.87 
Body 
weight, kg 
1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
185 
218 
43 
316 
194 
61 
576.06 
590.93 
571.05 
663.21 
644.09 
643.51 
46.84 
42.34 
51.09 
43.94 
54.37 
50.82 
488.64 
464.93 
458.13 
545.45 
542.04 
487.61 
679.55 
705.34 
662.24 
761.36 
777.91 
748.43 
Body 
condition 
score, 1-5 
scale 
1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
185 
171 
34 
316 
153 
48 
3.13 
3.40 
3.38 
2.89 
3.20 
3.26 
0.37 
0.18 
0.20 
0.44 
0.32 
0.26 
2.25 
3.00 
3.00 
2.00 
2.50 
2.50 
4.00 
3.75 
3.75 
4.00 
4.00 
3.75 
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Table 2.1 cont.       
Trait Lactation CG  n Mean SD Minimum Maximum 
Dry matter 
intake, kg/d 
1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
1235 
1314 
276 
2108 
1186 
396 
22.97 
23.30 
21.45 
26.30 
27.44 
26.97 
2.41 
3.87 
3.94 
3.21 
4.57 
4.15 
12.76 
5.74 
7.99 
13.01 
7.18 
12.76 
33.16 
39.33 
33.26 
35.65 
41.78 
39.59 
Adjusted 
dry matter 
intake, kg/d 
1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
1106 
1269 
265 
1835 
1149 
377 
0.32 
-0.14 
-0.64 
-0.19 
0.16 
0.45 
2.09 
3.67 
3.40 
2.75 
4.06 
3.72 
-8.32 
-15.73 
-12.24 
-12.95 
-19.79 
-9.76 
8.66 
14.55 
11.78 
10.07 
12.26 
11.61 
Residual 
feed intake, 
kg 
1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
17 
24 
5 
28 
23 
7 
-0.33 
-0.08 
-1.78 
-0.49 
0.96 
0.37 
0.90 
1.42 
0.59 
1.39 
2.04 
2.39 
-1.67 
-1.97 
-2.34 
-2.84 
-2.88 
-1.85 
1.83 
3.53 
-0.96 
2.11 
4.84 
4.54 
Genomic 
Predicted 
Transmitting 
Ability of 
Net Merit  
1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
14 
23 
5 
7 
10 
4 
461.21 
440.13 
361.20 
348.86 
442.40 
398.25 
61.24 
118.15 
99.28 
125.21 
103.86 
76.23 
359.00 
185.00 
238.00 
158.00 
342.00 
331.00 
567.00 
642.00 
490.00 
504.00 
623.00 
481.00 
Fall1: Fall study, pen 1; Fall2: Fall study, pen 2 
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Table 2.2. Summary of unadjusted daily average values for data recorded via automated sensors 
Measure Lactation CG n Mean SD Minimum Maximum 
Unadjusted 
ET1ACT1 
1 
 
 
2+ 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
918 
1263 
232 
1482 
1131 
406 
11582.24 
32263.76 
30782.03 
11684.21 
31165.73 
31768.61 
3601.56 
3819.42 
3203.25 
4862.05 
4444.14 
3460.22 
8031.86 
14580.00 
24831.20 
7363.61 
18698.31 
22366.33 
30697.17 
68724.04 
52771.96 
37508.55 
58510.81 
47392.40 
Unadjusted 
ET1TEMP2 
1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
920 
1267 
232 
1736 
1110 
406 
37.05 
36.72 
36.98 
37.02 
36.77 
36.92 
0.71 
1.29  
0.76 
0.96 
1.10 
1.03 
30.49 
16.69 
34.20 
22.17 
29.19 
32.95 
38.64 
39.52 
38.39 
38.95 
39.21 
38.41 
Unadjusted 
RBACT3 
1 
 
2+ 
Fall1 
Fall2 
Fall1 
Fall2 
1338 
240 
1225 
310 
8.47 
8.55 
8.92 
10.45 
1.28 
1.07 
1.47 
1.94 
2.06 
6.03 
2.43 
6.87 
13.41 
13.01 
13.51 
16.08 
Unadjusted 
RBTEMP4 
1 
 
2+ 
Fall1 
Fall2 
Fall1 
Fall2 
1389 
180 
1280 
360 
38.95 
39.05 
38.97 
38.84 
0.32 
0.28 
0.32 
0.24 
37.37 
38.58 
38.16 
38.29 
41.23 
41.07 
41.01 
40.17 
Unadjusted 
RBPH5 
1 
 
2+ 
 
Fall1 
Fall2 
Fall1 
Fall2 
1397 
240 
1280 
350 
6.38 
6.46 
6.47 
6.47 
0.20 
0.20 
0.20 
0.23 
5.65 
5.94 
5.80 
5.94 
7.11 
7.08 
7.42 
7.69 
Unadjusted 
ET2ACT 6 
1 
 
2+ 
 
Fall1 
Fall2 
Fall1 
Fall2 
1380 
180 
600 
300 
30.32 
29.58 
28.01 
30.59 
3.96 
4.19 
4.74 
2.97 
21.33 
23.25 
19.42 
24.42 
56.58 
51.50 
61.25 
48.42 
Unadjusted 
ET2RUM 7 
1 
 
2+ 
 
Fall1 
Fall2 
Fall1 
Fall2 
1380 
180 
600 
300 
45.88 
45.72 
47.28 
46.99 
6.11 
5.22 
5.81 
5.41 
13.92 
24.50 
21.00 
30.58 
67.08 
57.25 
65.50 
67.25 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
8Fall1: Fall study, pen 1; 9Fall2: Fall study, pen 2 
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Table 2.3. Summary of adjusted daily average values for data recorded via automated sensors 
Measure Lactation CG n Mean SD Minimum Maximum 
ET1ACT1 1 
 
 
2+ 
Summer 
Fall18 
Fall29 
Summer 
Fall1 
Fall2 
918 
1263 
232 
1482 
1131 
406 
-340.98 
395.46 
-803.62 
211.22 
-441.61 
459.21 
3601.56 
3819.42 
3203.25 
4783.87 
4439.39 
3256.17 
-3891.37 
-17288.31 
-6754.45 
-5154.98 
-13769.32 
-9818.65 
18773.95 
36855.74 
21186.30 
24986.00 
27575.44 
16739.69 
ET1TEMP2 1 
 
 
2+ 
 
 
Summer 
Fall1 
Fall2 
Summer 
Fall1 
Fall2 
920 
1267 
232 
1736 
1110 
406 
0.10 
-0.12 
0.25 
0.018 
-0.089 
0.17 
0.71 
1.29 
0.76 
0.96 
1.09 
1.02 
-6.46 
-20.15 
-2.53 
-15.03 
-7.57 
-3.88 
1.70 
2.68 
1.66 
2.08 
2.45 
1.59 
RBACT3 1 
 
2+ 
Fall1 
Fall2 
Fall1 
Fall2 
1338 
240 
1225 
310 
0.12 
-0.68 
-0.13 
0.52 
1.28 
1.07 
1.45 
1.80 
-6.29 
-3.20 
-6.33 
-2.76 
5.06 
3.78 
3.99 
6.46 
RBTEMP4 1 
 
2+ 
Fall1 
Fall2 
Fall1 
Fall2 
1389 
180 
1280 
360 
-0.016 
0.13 
0.018 
-0.063 
0.32 
0.28 
0.32 
0.23 
-1.60 
-0.34 
-0.82 
-0.63 
2.26 
2.15 
2.09 
1.24 
RBPH5 1 
 
2+ 
Fall1 
Fall2 
Fall1 
Fall2 
1397 
240 
1280 
350 
-0.0077 
0.045 
0.0084 
-0.031 
0.20 
0.20 
0.19 
0.23 
-0.74 
-0.48 
-0.67 
-0.58 
0.71 
0.66 
1.03 
1.16 
ET2ACT6 1 
 
2+ 
Fall1 
Fall2 
Fall1 
Fall2 
1380 
180 
600 
300 
0.21 
-1.63 
-0.49 
0.98 
3.96 
4.19 
4.71 
3.01 
-8.78 
-7.97 
-8.75 
-4.91 
26.47 
20.28 
32.53 
18.59 
ET2RUM7 1 
 
2+ 
Fall1 
Fall2 
Fall1 
Fall2 
1380 
180 
600 
300 
-0.0084 
0.065 
0.019 
-0.039 
6.11 
5.22 
5.79 
5.44 
-31.97 
-21.16 
-26.53 
-16.27 
21.20 
11.59 
18.42 
19.95 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
8Fall1: Fall study, pen 1; 9Fall2: Fall study, pen 2 
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Table 2.4. Associations of sensor measures with  
adjusted dry matter intake (Model 3) 
Sensor 
Measure 
Coefficient ± Std. Error 
(P-value) 
ET1ACT1 -0.00003 ± 0.000011 
(0.0061) 
RBACT2 0.27 ± 0.052 
(3.38E-07) 
ET2ACT3 0.049 ± 0.02 
(0.013) 
ET1TEMP4 -0.023 ± 0.045 
(0.61) 
RBTEMP5 -2.52 ± 0.24 
(1.17E-25) 
RBPH6 0.30 ± 0.37 
(0.42) 
ET2RUM7 -0.00022 ± 0.014 
(0.99) 
1ET1ACT = Ear tag one activity; 2RBACT = 
Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 
5RBTEMP = Rumen bolus temperature; 6RBPH 
= Rumen bolus pH; 7ET2RUM = Ear tag two 
rumination 
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Table 2.5. Association of sensor measures, THI and their interaction with adjusted dry matter 
intake (Model 4) 
Sensor 
Measure 
Sensor Coefficient ± 
Std. Error 
(P-value) 
THI Coefficient ± Std. 
Error 
(P-value) 
Interaction Coefficient ± 
Std. Error 
(P-value) 
ET1ACT1 0.00019 ± 0.000058  
(0.0012) 
-0.0098 ± 0.0038 
(0.0095) 
-3.60E-06 ± 1.00E-07 
(0.000085) 
RBACT2 0.41 ± 0.052 
(0.20) 
-0.012 ± 0.0085 
(0.15) 
-0.0026 ± 0.0060 
(0.66) 
ET2ACT3 -0.0057 ± 0.12 
(0.96) 
-0.016 ± 0.0093 
(0.093) 
0.0011 ± 0.0024 
(0.66) 
ET1TEMP4 0.96 ± 0.19 
(3.78E-07) 
-0.012 ± 0.0040 
(0.0017) 
-0.017 ± 0.0032 
(1.18E-07) 
RBTEMP5 -4.90 ± 1.32 
(2.00E-04) 
0.019 ± 0.0088 
(0.034) 
0.040 ± 0.024 
(0.096) 
RBPH6 4.39 ± 2.10 
(0.037) 
-0.016 ± 0.0082 
(0.049) 
-0.081 ± 0.040 
(0.046) 
ET2RUM7 0.050 ± 0.077 
(0.52) 
-0.018 ± 0.0095 
(0.062) 
-0.00086 ± 0.0015 
(0.57) 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
 
 
 
 
Table 2.6. Associations of health events with  
adjusted dry matter intake (Models 5 & 6) 
Health Event 
Class 
 P-value 
HETO1 3.32E-12 
HEP2 3.25E-11 
1HETO = health event modeled at the time of 
event; 2HEP = health event modeled post onset 
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Table 2.7. Least squares means of health events without sensor measures (Models 5 & 6) 
Health 
Event Class 
Healthy ± Std. 
Error  
Lame ± Std. 
Error 
Mastitis ± Std. 
Error 
Multiple ± 
Std. Error 
Other ± Std. 
Error 
HETO1 0.059 ± 0.044a 0.64 ± 0.30a -0.80 ± 0.31b -3.31 ± 0.67c -1.00 ± 0.21b 
HEP2 0.017 ± 0.046a 0.71 ± 0.18b -0.0047 ± 0.15a -1.88 ± 0.35c -0.70 ± 0.22d 
1HETO = health event modeled at the time of event; 2HEP = health event modeled post onset 
a-dLeast squares means ± std. error within a row are statistically different when displaying unique 
superscripts (P < 0.05) 
 
 
 
 
Table 2.8. Contrasts of health events without sensor data (Models 5 & 6) 
Health Event 
Class 
Contrast Estimate (kg/d) Std. Error 
HETO1 Healthy - Lame 
Healthy - Mastitis 
-0.58+ 
0.86** 
0.30 
0.32 
HEP2 Healthy - Lame 
Healthy - Mastitis 
-0.69*** 
0.021 
0.18 
0.16 
1HETO = health event modeled at the time of event; 2HEP = health event modeled post onset 
+ = P <0.10: * = P < 0.05; ** = P < 0.01; *** = P < 0.001
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Table 2.9. Associations of sensor measures, health event at the time of occurrence and their 
interaction with adjusted dry matter intake (Model 7) 
Sensor 
Measure 
Sensor Coefficient ± 
Std. Error 
(P-value) 
Health Event 
(P-value) 
Interaction 
(P-value) 
ET1ACT1 0.000097 ± 0.00011 
(8.99E-06) 
 
 (4.98E-07) 
 
 (2.30E-06) 
RBACT2 0.23 ± 0.33 
(0.0025) 
 
(0.00038) 
 
(0.046) 
ET2ACT3 0.20 ± 0.17 
(0.000094) 
 
(0.000010) 
 
(0.0072) 
ET1TEMP4 -0.20 ± 0.25 
(0.071) 
 
(0.000050) 
 
(0.035) 
RBTEMP5 -2.33 ± 1.15 
(6.27E-07) 
 
(0.0012) 
 
(0.042) 
RBPH6 -0.072 ± 2.12 
(0.030) 
 
(5.64E-06) 
 
(8.62E-06) 
ET2RUM7 0.027 ± 0.065 
(0.012) 
 
(0.0024) 
 
(0.0015) 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
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Table 2.10. Least squares means of health events classified at the time of occurrence accounting 
for sensor measures (Model 7) 
Sensor 
Measure 
Healthy 
Estimate ± 
Std. Error  
Lame 
Estimate ± 
Std. Error 
Mastitis 
Estimate ± 
Std. Error 
Multiple 
Estimate ± 
Std. Error 
Other Estimate 
± Std. Error 
ET1ACT1 0.11 ± 0.050a 1.62 ± 0.42b -0.68 ± 0.36cd -2.23 ± 0.75c -0.60 ± 0.28d 
RBACT2 0.15 ± 0.078a 0.35 ± 0.49ab -0.81 ± 0.42bd -4.66 ± 1.22c -0.046 ± 0.43ad 
ET2ACT3 0.053 ± 0.087a 1.58 ± 0.44b -1.19 ± 0.60cd -2.81 ± 0.84c 0.10 ± 0.51ad 
ET1TEMP4 0.12 ± 0.049a 0.76 ± 0.38a -0.74 ± 0.36b -2.17 ± 0.80b -0.86 ± 0.33b 
RBTEMP5 0.089 ± 0.075a 1.35 ± 0.43b -0.56 ± 0.43ac -2.81 ± 1.28c -0.33 ± 0.34ac 
RBPH6 0.081 ± 0.075a 0.91 ± 0.41b -0.77 ± 0.40c -6.65 ± 1.44 -0.25 ± 0.52abc 
ET2RUM7 0.059 ± 0.087a 1.23 ± 0.42b -1.43 ± 0.59c -0.91 ± 
0.97ac 
-0.35 ± 0.36ac9 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
a-dLeast squares means ± std. error within a row are statistically different when displaying unique 
superscripts (P < 0.05) 
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Table 2.11. Estimated effect of interactions between sensor measures and health events at the 
time of occurrence on adjusted dry matter intake (Model 7) 
Sensor 
Measure 
Healthy 
Coefficient ± 
Std. Error 
Lame 
Coefficient ± 
Std. Error 
Mastitis 
Coefficient ± 
Std. Error 
Multiple 
Coefficient ± 
Std. Error 
Other 
Coefficient ± 
Std. Error 
ET1ACT
1 
-0.00004 ± 
0.000012
abc 
0.00024 ± 
0.000081
d 
0.000014 ± 
0.000077
ae 
0.00090 ± 
0.00022
b 
0.000097 ± 
0.00011
cde 
RBACT
2 
0.23 ± 0.054a 1.45 ± 0.45b 0.88 ± 0.40ab 0.32 ± 0.76ab 0.23 ± 0.33a 
ET2ACT
3 
0.028 ± 0.021a 0.25 ± 0.091b 0.19 ± 0.12ab 0.72 ± 0.27ab 0.20 ± 0.17ab 
ET1TEMP
4 
-0.082 ± 0.49ab 0.10 ± 0.29ab 0.60 ± 0.38ab 0.68 ± 0.29a -0.20 ± 0.24b 
RBTEMP
5 
-2.36 ± 0.26ab -0.64 ± 1.75a -3.57 ± 0.92a -11.57 ± 3.40b -2.33 ± 1.15a 
RBPH
6 
0.19 ± 0.40a 6.65 ± 1.84 -5.75 ± 1.88b -18.15 ± 7.14b -0.072 ± 2.12a 
ET2RUM
7 
-0.012 ± 0.016ab -0.034 ± 0.054a -0.0040 ± 0.081a 0.42 ± 0.10b 0.027 ± 0.065a 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
a-dCoefficients ± std. error within a row are statistically different when displaying unique 
superscripts (P < 0.05) 
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Table 2.12. Contrasts of health events at time of illness accounting for sensor measures 
(Model 7) 
Sensor Measure Contrast Estimate (kg/d) Std. Error 
ET1ACT1 Healthy - Lame 
Healthy - Mastitis 
-1.49*** 
0.80* 
0.42 
0.36 
RBACT2 Healthy - Lame 
Healthy - Mastitis 
-0.18 
0.96* 
0.50 
0.43 
ET2ACT3 Healthy - Lame 
Healthy - Mastitis 
-1.52*** 
1.25* 
0.44 
0.60 
ET1TEMP4 Healthy - Lame 
Healthy - Mastitis 
-0.64+ 
0.86* 
0.38 
0.36 
RBTEMP5 Healthy - Lame 
Healthy - Mastitis 
-1.28** 
0.66 
0.44 
0.44 
RBPH6 Healthy - Lame 
Healthy - Mastitis 
-0.79+ 
0.81* 
0.42 
0.41 
ET2RUM7 Healthy - Lame 
Healthy - Mastitis 
-1.17** 
1.49* 
0.43 
0.60 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag 
two activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus 
temperature; 6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
+ = P <0.10: * = P < 0.05; ** = P < 0.01; *** = P < 0.001
 
 
 
 
 
 
 
 
 
 
 
 
 
 102 
Table 2.13. Associations of sensor measures, health event following onset and their interaction 
with adjusted dry matter intake (Model 8) 
Sensor 
Measure 
Sensor Coefficient ± Std. 
Error 
(P-value) 
Health Event 
(P-value) 
Interaction 
(P-value) 
ET1ACT1 0.000097± 0.00011 
(0.0044) 
 
 (2.08E-06) 
 
 (0.0071) 
RBACT2 0.23 ± 0.34 
(0.079) 
 
(0.040) 
 
(0.88) 
ET2ACT3 0.20 ± 0.17 
 (0.038) 
 
(3.29E-07) 
 
(0.0031) 
ET1TEMP4 -0.20 ± 0.24 
(0.38) 
 
(8.67E-06) 
 
(0.12) 
RBTEMP5 -2.33 ± 1.14 
(6.44E-12) 
 
(5.46E-06) 
 
(0.000034) 
RBPH6 -0.072 ± 2.11 
(0.65) 
 
(0.0028) 
 
(4.31E-08) 
ET2RUM7 0.027 ± 0.064 
(0.002) 
 
(0.000041) 
 
(0.00078) 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
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Table 2.14. Least squares means of health events classified following onset accounting for 
sensor measures (Model 8) 
Sensor 
Measure 
Healthy 
Estimate ± 
Std. Error  
Lame 
Estimate ± 
Std. Error 
Mastitis 
Estimate ± 
Std. Error 
Multiple 
Estimate ± 
Std. Error 
Other Estimate 
± Std. Error 
ET1ACT1 0.065 ± 0.052a 1.19 ± 0.26b 0.23 ± 0.18a -1.42 ± 0.62c -0.60 ± 0.28c 
RBACT2 0.13 ± 0.084a 0.97 ± 0.39b -0.30 ± 0.24a -0.77 ± 0.61a -0.046 ± 0.44ab 
ET2ACT3 0.027 ± 0.091a 1.70 ± 0.34b -0.60 ± 0.31cd -1.92 ± 0.71c 0.10 ± 0.53ad 
ET1TEMP
4 
0.066 ± 0.051a 0.89 ± 0.24b 0.22 ± 0.18a -2.17 ± 0.80c -0.86 ± 0.33c 
RBTEMP5 0.10 ± 0.080a 1.22 ± 0.28b -0.72 ± 0.24c -0.12± 0.59ac -0.33 ± 0.33ac 
RBPH6 0.057 ± 0.081a 0.91 ± 0.28b -0.52 ± 0.22c -0.69± 0.53ac -0.25 ± 0.52abc 
ET2RUM7 0.036 ± 0.091a 1.41 ± 0.33b -0.50 ± 0.30a -1.27 ± 0.69a -0.35 ± 0.36a 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
a-dLeast squares means ± std. error within a row are statistically different when displaying unique 
superscripts (P < 0.05) 
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Table 2.15. Estimated effect of interactions between sensor measures and health events 
following onset on ADMI (Model 8) 
Sensor 
Measure 
Healthy 
Coefficient ± 
Std. Error 
Lame 
Coefficient ± 
Std. Error 
Mastitis 
Coefficient ± 
Std. Error 
Multiple 
Coefficient ± 
Std. Error 
Other 
Coefficient ± 
Std. Error 
ET1ACT
1 
-0.000040 ± 
0.000012
abc 
0.000047 ± 
0.000056
ad 
8.51E-06 ± 
0.000058
ad 
0.00055 ± 
0.00019
b 
0.000097 ± 
0.00011
cd 
RBACT
2 
0.22 ± 0.060a 0.18 ± 0.20a 0.44 ± 0.20a 0.093 ± 0.49a 0.23 ± 0.34a 
ET2ACT
3 
0.030 ± 0.022a 0.29 ± 0.070b -0.090 ± 0.084a 0.14 ± 0.19ab 0.20 ± 0.17ab 
ET1TEMP
4 
-0.56 ± 0.053ab 0.030 ± 0.14a -0.030 ± 0.23ab 0.66 ± 0.27b -0.20 ± 0.24a 
RBTEMP
5 
-2.35 ± 0.27ab -0.20 ± 1.09c -3.70 ± 0.72a -12.25 ± 2.38b -2.33 ± 1.14ac 
RBPH
6 
0.15 ± 0.42a 5.09 ± 1.18b -6.13 ± 1.32c -1.04 ± 3.41bcd -0.072 ± 12.11ad 
ET2RUM
7 
-0.024 ± 0.017ab 0.051 ± 0.042a -0.0035 ± 0.048a 0.34 ± 0.087b 0.027 ± 0.064a 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature;   
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
a-dCoefficients ± std. error within a row are statistically different when displaying unique 
superscripts (P < 0.05) 
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Table 2.16. Contrasts of health events following onset accounting for sensor measures 
(Model 8) 
Sensor Measure Contrast Estimate (kg/d) Std. Error 
ET1ACT1 Healthy - Lame 
Healthy - Mastitis 
-1.12*** 
-0.16 
0.26 
0.19 
RBACT2 Healthy - Lame 
Healthy - Mastitis 
-0.84* 
0.44+ 
0.40 
0.26 
ET2ACT3 Healthy - Lame 
Healthy - Mastitis 
-1.66*** 
0.62+ 
0.35 
0.32 
ET1TEMP4 Healthy - Lame 
Healthy - Mastitis 
-0.82*** 
-0.16 
0.25 
0.18 
RBTEMP5 Healthy - Lame 
Healthy - Mastitis 
-1.14*** 
0.84*** 
0.30 
0.25 
RBPH6 Healthy - Lame 
Healthy - Mastitis 
-0.82** 
0.54* 
0.30 
0.24 
ET2RUM7 Healthy - Lame 
Healthy - Mastitis 
-1.38*** 
0.54+ 
0.34 
0.31 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature; 
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination
 
+ = P <0.10: * = P < 0.05; ** = P < 0.01; *** = P < 0.001
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Table 2.17. Significantly different interaction coefficients (Models 7 & 8) 
Sensor Measure HETO (Model 7) HEP Model 
ET1ACT1 Healthy vs. lame 
Lame vs. mastitis, multiple  
Mastitis vs. multiple 
Multiple vs. other 
Lame vs. multiple 
Mastitis vs. multiple 
Multiple vs. other 
RBACT2 Healthy vs. lame 
Lame vs. other 
- 
ET2ACT3 Healthy vs. lame Healthy vs. lame 
Lame vs. mastitis 
ET1TEMP4 Multiple vs. other Lame vs. multiple 
Multiple vs. other 
RBTEMP5 Lame vs. multiple 
Mastitis vs. multiple 
Multiple vs. other 
Healthy vs. lame 
Lame vs. mastitis 
Lame vs. multiple 
Mastitis vs. multiple 
Multiple vs. other 
RBPH6 Healthy vs. lame 
Healthy vs. mastitis 
Healthy vs. multiple 
Lame vs. mastitis 
Lame vs. multiple 
Lame vs. other 
Mastitis vs. other 
Multiple vs. other 
Healthy vs. lame 
Healthy vs. mastitis 
Healthy vs. multiple 
Lame vs. mastitis 
Lame vs. other 
Mastitis vs. other 
ET2RUM7 Lame vs. multiple 
Mastitis vs. multiple 
Multiple vs. other 
Lame vs. multiple 
Mastitis vs. multiple 
Multiple vs. other 
1ET1ACT = Ear tag one activity; 2RBACT = Rumen bolus activity; 3ET2ACT = Ear tag two 
activity; 4ET1TEMP = Ear tag one temperature; 5RBTEMP = Rumen bolus temperature; 
6RBPH = Rumen bolus pH; 7ET2RUM = Ear tag two rumination 
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2.9 Figures 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.1. Distribution of parity. 
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Figure 2.2. Distribution of DIM at the start of data collection 
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Figure 2.3. Interaction plots for activity measures with the temperature humidity index (1THI; 
low: < 68; mid: 68-80) and health events (healthy, lame, mastitis, multiple or other). The X-axis 
represents the sensor measure, whereas the Y-axis is the adjusted dry matter intake. A-C: 
Interactions of ear tag one activity with THI, health event at the time of occurrence (2HETO) and 
health event post onset (3HEP) respectively. D-F: Interactions of Rumen bolus activity with THI, 
HETO and HEP respectively. G-I: Interactions of ear tag two activity with THI, HETO and HEP 
respectively. 
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Figure 2.4. Interaction plots for temperature measures with temperature humidity index (1THI; 
low: < 68; mid: 68-80) and health events (healthy, lame, mastitis, multiple or other). The X-axis 
represents the sensor measure, whereas the Y-axis is the adjusted dry matter intake. A-C: 
Interactions of ear tag one temperature with THI, health event at the time of occurrence (2HETO) 
and health event post onset (3HEP) respectively. D-F: Interactions of Rumen bolus temperature 
with THI, HETO and HEP respectively. 
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Figure 2.5. Interaction plots for pH measure with temperature humidity index (1THI; low: < 68; 
mid: 68-80) and health events (healthy, lame, mastitis, multiple or other). The X-axis represents 
the sensor measure, whereas the Y-axis is the adjusted dry matter intake. A-C: Interactions of 
Rumen Bolus pH with THI, health event at the time of occurrence (2HETO) and health event 
post onset (3HEP) respectively.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.6. Interaction plots for rumination measure with temperature humidity index (1THI low: 
< 68; mid: 68-80) and health events (healthy, lame, mastitis, multiple or other). The X-axis 
represents the sensor measure, whereas the Y-axis is the adjusted dry matter intake. A-C: 
Interactions of ear tag two rumination with THI, health event at the time of occurrence (2HETO) 
and health event post onset (3HEP) respectively.  
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Figure 2.7. -log10(Adjusted P-value) and estimates of daily average adjusted activity 
associations with adjusted dry matter intake by days in milk for each sensor type. The 
yellow line represents P = 0.05, whereas red line represents P = 0.01.  
Ear Tag 1 Daily Average Activity 
Rumen Bolus Daily Average Activity 
Ear Tag 2 Daily Average Activity 
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Figure 2.8. -log10(Adjusted P-value) and estimates of daily average adjusted temperature 
associations with adjusted dry matter intake by days in milk for each sensor type. The 
yellow line represents P = 0.05, whereas red line represents P = 0.01.  
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Figure 2.9. -log10(Adjusted P-value) and estimates of daily average adjusted rumen pH 
associations with adjusted dry matter intake by days in milk. The yellow line represents   
P = 0.05, whereas red line represents P = 0.01.  
 
 
 
 
 
 
 
 
Figure 2.10. -log10(Adjusted P-value) and estimates of daily average adjusted rumination 
associations with adjusted dry matter intake by days in milk. The yellow line represents   
P = 0.05, whereas red line represents P = 0.01.  
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CHAPTER 3. GENERAL CONCLUSIONS 
 Feed intake is arguably one of the most important traits in the dairy industry because of 
its high economic impact and influence on the sustainability of the industry. Application of 
selection for improved feed efficiency has been limited, due to the difficulty of determining 
individual feed intake on commercial farms. This difficulty is largely related to the high cost 
associated with systems utilized to determine individual feed intake. Therefore, identifying 
affordable, easy to measure indicator traits for feed intake and efficiency is necessary.  
The aim of this study was to examine the associations between wearable sensor 
technology measures and feed intake adjusted for energy sinks and contemporary group effects. 
Significant associations (P < 0.05) were found between three activity measures, two from ear 
tags (ET1ACT and ET2ACT) and one from a rumen bolus (RBACT), and rumen temperature 
(RBTEMP). Given the variability observed for each sensor measure, the estimated effect sizes 
were substantial. These estimated effects were -0.00003 ± 0.000011 kg/unit of activity 
(ET1ACT), 0.27 ± 0.052 kg/unit of activity (RBACT), 0.049 ± 0.02 kg/unit of activity 
(ET2ACT) and -2.52 ± 0.24 kg/ºC (RBTEMP) The inclusion THI and health events when 
determining the relationship of sensor measures and feed intake were important. Results indicate 
that THI should be accounted for when examining both measures from ear tag one (ET1ACT and 
ET1TEMP), RBTEMP and rumen pH (RBPH). This is especially true for ET1TEMP, as without 
accounting for THI it is not significant (P > 0.60). Health events were associated with all sensor 
measures and ADMI (P < 0.05). For all sensor measures, considering health events at the time of 
their occurrence is important (P < 0.10). However, it appears that the associations of ET1ACT, 
ET2ACT, RBTEMP and ET2RUM with ADMI are impacted for longer durations of time   
(P < 0.05). Furthermore, this prolonged impact appears to be a result of lameness events    
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(P < 0.001), with the exception of RBTEMP which is affected by both mastitis and lameness   
(P < 0.001). Differences in ADMI were also observed between lame animals and those with 
mastitis. Lame animals consume more feed (0.58 – 1.66 kg/day) than their healthy cohorts   
(P < 0.10). Conversely, it appears that animals with mastitis eat less than healthy animals (0.44 – 
1.49 kg/day; P < 0.05). These differences may be caused by alterations in feeding behaviors 
between health events. Further, the nature of the health events may also have impact, as an injury 
such as lameness likely takes longer to heal than an infection like mastitis. Significant 
interactions were found between sensor measures and THI, as well as sensor measures and health 
events. These interactions merit caution when considering the application of sensor measures as 
indicators of feed intake, as the relationships may vary in different environments and under 
different health statuses. 
 In conclusion, measures recorded via automated sensors are associated with feed intake. 
These associations are impacted by THI and health events, suggesting that the sensor measures 
pick up some of the variation in feed intake caused by these factors. However, after accounting 
for these factors, sensor associations are still significant (P < 0.05). This suggests that some 
remaining, unexplained variation in feed intake can be explained by automated sensor measures. 
However, the association between sensor measures and feed intake likely varies under different 
environmental conditions (i.e. THI) and health statuses. Associations with sensor technologies 
indicate the potential to apply these technologies for health and feed intake monitoring in the 
industry. The ability to identify changes in health and feed intake in advance is useful in 
maintaining animal welfare and preventing losses due to illness before they occur. The ability to 
predict feed intake in advance could also be used to detect illness prior to clinical symptoms and 
for precision feeding to reduce costs and feed waste to enhance dairy sustainability. To apply 
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these sensor measures in genetic selection, heritability estimates of sensor measures and their 
genetic and phenotypic correlations with other traits under selection (i.e. traits within the Net 
Merit index) are required. 
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A.1 Abstract 
Precision technologies have been developed to evaluate a host of trait measures, 
including health. Due to the fact that feed intake and health are highly related, it is logical that 
changes in feed intake could also be detected with these technologies. Prediction of feed intake 
could be utilized to precision feed animals, as well as aid in the determination of feed efficiency 
of animals in commercial settings. The objective of this study was to assess the utility of 
automated sensor measurements as predictors of feed intake, with an aim of determining which 
measures offered the most predictive ability. Two methods were analyzed; one including a single 
day of sensor information and another utilizing multiple days of data to predict future feed 
intake. No predictive ability was found for either method, however this may be due to a small 
number of observations. Additional work is needed to evaluate the utilization of a combination 
of sensor measures in prediction. In the future, additional methods of prediction should be 
explored. 
A.2 Introduction 
Feed Intake is among the most important traits on dairy farms because it is an important 
indicator of animal health and the most important factor in determining farm profitability 
(González et al., 2008; USDA - ERS, 2017). Many health events, such as lameness, mastitis, and 
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metabolic disease have been associated with changes in individual cow feed intake (Sepúlveda-
Varas et al., 2016; Thorup et al., 2016; Van Winden et al., 2003). Further, feed is the number one 
cost of production on dairy farms. Thus, feed intake data is extremely important on farm to 
ensure animal welfare and profitability. It is common practice to monitor feed intake on a pen 
level to identify ways of reducing feed waste. Unfortunately, individual animal feed intake data 
is difficult to collect on commercial farms because measurement tools are expensive to purchase 
and labor intensive to manage. 
Portable, affordable measuring equipment or proxies for feed intake would be extremely 
valuable on farms. A possible solution is precision farming technologies (PLT), such as 
individual cow ear tags, collars and milk systems that are routinely used to collect longitudinal 
data on cows on farm today (Halachmi et al., 2019). These sensor technologies have the ability 
to measure behavior, activity, temperature, rumen pH, quarter-level milking data and more 
(Halachmi et al., 2019). PLT were developed largely for monitoring estrus or health events. 
Moreover, given that health events are commonly known to impact feed intake (Sepúlveda-Varas 
et al., 2016; Thorup et al., 2016; Van Winden et al., 2003), it is logical to consider precision 
technology measures as potential proxies for feed intake. In order for these measures to be 
potential indicators of feed intake, they need to be statistically associated and have consistent 
estimates of effects of the same sign. A major advantage in considering these sensors as proxies 
for feed intake is that they are already found on large numbers of commercial farms today 
(Bewley, 2010). 
Mid-infrared spectroscopy (MIR) of milk has been examined as a potential predictor of 
feed intake and efficiency. McParland et al. (2014) predicted RFI of grass-fed animals through 
MIR spectral data. More recently, Dórea et al. (2018) included specific wavelengths of MIR in 
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prediction equations for DMI, finding that these methods resulted in improved accuracy and 
precision of prediction. Image data has also been explored as a potential proxy for feed 
consumption. With cameras, feed volume can be approximated from information collected prior 
to and immediately after an animal’s eating bout (Bloch et al., 2019, Lassen et al., 2018, Shelley 
et al., 2016). Skin temperature can also be determined through the use of infrared cameras. This 
information has been found to have a tendency (P<0.10) to explain the variation observed for 
feed efficiency in dairy cattle, when the temperature is measured at specific points on the body 
(Hardie, 2016). A limited number of studies have examined the relationship of data collected via 
sensors worn by the animal and feed intake. Measures that have been explored include activity 
(Connor et al., 2013; Hafla et al., 2013; Lawrence et al., 2012), rumen pH (Lam et al., 2017) and 
rumen temperature (Fischer et al., 2018; Lam et al., 2017).  
 The objective of this study was to examine the usefulness and ability of automated sensor 
information in the prediction of feed intake. The goal was to determine which sensor measures 
have the most predictive ability, how much data is needed to achieve reasonable predictive 
power and to determine if combining multiple sensor types can improve prediction of feed intake 
and health events, which could be used on farm for precision management applications. 
A.3 Materials and Methods 
Dairy phenotype and Sensor Data 
All animal data used in this study was approved by the Iowa State University Institutional 
Animal Care and Use Committee (IACUC) protocol 18-174. Briefly, data were collected on a 
total of 108 Holstein cows, with a range of parities from first to fourth and days in milk (DIM) 
between 50 and 200 on study day one. Data was collected in two cohorts; one of 48 animals and 
the other 60 animals. Feed intake was collected individually for each animal utilizing the Calan 
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Broadbent Feeding System (American Calan®, Northwood, NH). Individual milk weights were 
reported from each milking (BouMatic LLC., Madison, WI). A milk sample from each milking 
was collected weekly on a single day and sent for component analysis at Dairy Lab Services 
(Dubuque, IA). Body weights were collected on a weekly basis, with body condition score 
(BCS) determination occurring simultaneously. BCS was assessed utilizing the Elanco Animal 
Health five-point system (Elanco Animal Health, 1997) and were assigned by a single scorer. 
Health events were monitored, treated and recorded by personnel from the ISU College of 
Veterinary Medicine. Cows in both cohorts (N=108) received ear tag one, which report activity 
and inner-ear temperature in approximately 20-minute increments. Animals in the second cohort 
(N=60) also received a rumen bolus which recorded activity, rumen pH, and rumen temperature 
on a 10-minute basis. A subset of cows (N=41) received ear tag two, which recorded animal 
activity and rumination on a bi-hourly basis. Rumination was reported as minutes within the two-
hour period. Environmental measures were collected by black globe sensors, which were placed 
within pens and monitored air temperature, black globe temperature, relative humidity, and air 
speed every five minutes. Since high correspondence was observed with airport weather data, 
missing black globe data was replaced with airport data. Additional details on animal care and 
phenotypes are provided in Chapter 2. 
 
Data Cleaning 
 Sensor data were averaged by day and examined for anomalous readings which may be 
caused by sensor failure or animal health events. Initially, all reported sensor readings of zero 
units were removed, as a value of zero is biologically implausible for all measures. Next, a 
working range of each sensor measure was determined separately for animal cohorts one and two 
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based on the mean and standard deviation of the sensor measure for animals deemed healthy by 
veterinary records (King et al., 2018). If an animal’s daily average sensor measure was ± 3 
standard deviations from the mean of the healthy cohort for more than five consecutive days, the 
period was deemed a sensor failure. In such cases, data were removed for the period starting 
three days prior to the onset of sensor failure. This “outlier selection” approach was used to try to 
remove failed sensors prior to the onset of failure. Following these cleaning approaches, if an 
animal had less than ten days of data for a measure, the animal’s data were excluded from all 
statistical analyses. Further, an unexplained and large shift in activity via ear tag one tag was 
noted for four animals, immediately following a tag replacement. In these cases, ear tag one 
activity was not included in any analyses. 
 
Statistical Analyses  
Calculation of adjusted dry matter intake. Since an objective of the study was to 
predict daily dry mater intake, we developed an adjusted dry mater intake value similar to 
residual feed intake as calculated by Hardie et al. (2017) and Tempelman et al. (2015). This was 
done as a means of defining efficiency on a daily basis. This approach was used because all 
sensor measures were collected multiple times per day or averaged on a daily basis, whereas a 
single day’s dry mater intake was collected in two measurements to determine a daily 
observation. Daily dry matter intake was adjusted for the components of energy sinks included in 
RFI, as well for environmental effects. The adjusted dry matter intake (ADMI) was calculated 
utilizing the following model: 
 
[1] !"#$%&= = 	) +	,/>$ +	-5?% +	-./& +	!#"= +	"01= +	"2= +	"3= +	"-= +	"4= +	+@A= +	5$%&=, 
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where !"#$%&= is the response variable of dry matter intake (kg); ) is the overall mean; ,/>$, 
-5?% and -./& are the class effects of ith seasonal group, jth pen and kth parity;	!#"=,	"01=, 
"2=, "3=, "-=, and "4= are the fixed effects of days in milk, metabolic body weight (body 
weight to the 0.75 power), milk yield (kg), milk fat (kg), milk protein (kg) and milk lactose (kg) 
respectively; and +@A= was the random effect of cow. ADMI was considered as the residual of 
this model, 5$%&=. 
Adjusted sensor measures. In order to make comparisons between ADMI and the 
sensor measures, sensor measures were adjusted systematic effects, as differences were seen 
between groups. The adjusted sensor measures (ASM) were calculated as: 
 
 [2] 6"$%& = 	) +	+,$ +	-./% +	+@AB +	5$%&, 
 
where 6"$%& is the response variable of daily sensor measure; ) is the overall mean; +,$	and 
-./% are the class effects of the ith contemporary group and jth parity; and +@A= was the random 
effect of cow. The residual of the model, 5$%&, was considered to be the ASM. 
Prediction of feed intake from single time point data at specific days in milk (DIM). 
To determine if daily feed intake measures could be predicted from daily summaries of sensor 
measures, an association analysis was conducted to determine which sensor measure from dates 
prior to collecting feed intake were most predictive, and at which dates feed intake could most 
accurately be predicted. Average daily sensor measures were utilized as predictors, including 
average daily ear tag one activity (ET1ACT) and temperature (ET1TEMP), rumen bolus 
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activity (RBACT), temperature (RBTEMP) and pH (RBPH), and ear tag two activity 
(ET2ACT) and rumination time (ET2RUM).  
In order to determine if there were associations between ADMI on a given DIM and a 
single sensor measure recorded on a previous day, the following model was utilized. The model 
was fit utilizing PROC GLIMMIX in SAS 9.4 (SAS Inst. Inc., Cary, NC) utilizing all possible 
combination of predictor DIM for sensor measures and predicted DIM of ADMI. The model was 
expressed as: 
 
[3] 7!"#$ = 	) +	6"$ 	+	5$ 
 
where the response variable of 7!"#$ is the adjusted dry matter intake for a given DIM, ) is 
the overall mean, 6"$	is the fixed effect of the unadjusted sensor measure for a previous DIM, 
and 5$ is the random residual associated with 7!"#$. Multiple testing correction was done for these 
analyses, utilizing the Benjamini – Hochberg method (Benjamini & Hochberg, 1995). 
Stepwise selection to determine predictors of ADMI. To further examine if previously 
recorded sensor information could be utilized to predict ADMI, model 4 was fit utilizing PROC 
GLMSELECT in SAS 9.4. The model was run by DIM and separately for each sensor measure. 
The selection method applied was stepwise, with a threshold p-value of 0.15.  
 
[4] 7!"#$ = 	) +	76"%:	76"& 	+	5$%& 
 
Where 7!"#$ is the response variable of adjusted dry matter intake for a given ith DIM, ) is 
the overall mean, 76"% and 76"& are the fixed effects of adjusted sensor measure for the jth day 
just prior and the kth day, which was the maximum number of days prior to the ith ADMI, 
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respectively, and 5$%& is the random residual associated with 7!"#$. Models including ear tag one 
measures had ASM ranging from 1 to 74 days prior, whereas for rumen bolus and ear tag two 
measurements ASM ranged from 1 to 60 days prior to the ADMI. 
A.4 Results 
Prediction of Dry Mater Intake Utilizing the Single Day Model 
Heat maps depicting the -log10(P-values) and estimates of ADMI effects for each sensor 
measure corresponding to all DIM where ADMI was measured are shown in Figures A.1-A.7 
(uncorrected for multiple testing). Evaluation of model 3 indicated that sensor measures from 
previous days were significantly (P < 0.05) associated with ADMI for multiple DIM (Figures 
A.1-A.7). The number of significant associations varied dependent on sensor type and measure. 
The average days prior to DIM on which ADMI was collected for significantly associated sensor 
measures was around 20 days for all sensor measurements (Table A.1). A total of 411 ADMI 
DIM/Sensor DIM combinations were found to be significantly (P < 0.05) associated with ADMI 
for ET1ACT. The estimates of these effects were near zero and were not of consistent sign over 
time (DIM), changing between positive and negative (Figure A.1). A total of 533 estimates for 
ET1TEMP were significantly (P < 0.05) associated with ADMI. Some of the estimated effects 
were large; however, there were no patterns in effect estimate direction (Figure A.2). For 
RBACT, 272 ADMI DIM/Sensor DIM combinations had significant (P < 0.05) associations. 
Estimates were sizeable for these associations; however, they were also inconsistent in sign and 
switch from positive to negative (Figure A.3). Previous DIM RBTEMP measures exhibited 356 
significant associations with a future DIM ADMI (P < 0.05). There was a single estimate that 
tended toward significance (P < 0.15) with a large estimated effect, with all other effects being 
small (Figure A.4). A total of 466 estimates were significant (P < 0.05) for RBPH. The 
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estimates of these effects are substantial; however, estimates of effects did not exhibit 
consistency in the direction (positive or negative; Figure A.5). Previous DIM ET2ACT measures 
were associated (P < 0.05) with a future DIM ADMI on 279 occasions. Effects were 
considerable and resulted in both negative and positive estimates, fluctuating near zero (Figure 
A.6). A total of 262 ADMI DIM/Sensor DIM were significantly associated (P < 0.05) in the 
model including ET2RUM. The estimated effects of these associations tend to be small and 
varying in sign depending on the sensor DIM utilized in the association (Figure A.7). Upon 
correction of P-values for multiple testing, no significant days were observed for any of the 
sensor measures. 
 
Stepwise Selection to Determine Predictors of ADMI 
 Heat maps showing the association and estimated effects of sensor measures taken on 
prior days with ADMI for a given DIM are shown in Figures A.8 – A.14 (A and B) Further, the 
number of observations read and utilized in the model for each DIM are shown graphically in 
Figures A.8 – A.14, part C. Utilizing previously recorded ET1ACT data resulted in associations 
of P < 0.15 with ADMI for 66 DIM. Estimated effects of these associations were all close to 
zero. Significant data loss occurred for this measure, resulting in a large difference between 
observation read and utilized. Associations (P < 0.15) were found for 68 DIM when utilizing 
ET1TEMP. With the exception of a few, estimates were typically small for these associations. 
As with ET1ACT, there was a large difference between the number of observations read and 
utilized after 100 DIM. RBACT previously recorded was associated (P < 0.15) with future 
ADMI on 74 days. Some of these effect sizes are estimable; however, they are inconsistent in 
that they flip from negative to positive. A decrease in the number of observations utilized 
 127 
occurred most often around 100 DIM, due to missing data. A total of 95 days had associations  
(P < 0.15) between ADMI and previously recorded RBTEMP data. Estimated effects that were 
of higher magnitude tended to be negative for these associations. Observations utilized were 
similar to that of RBACT. 73 days exhibited associations (P < 0.15) between ADMI and 
previous RBPH. Effects were moderate in size, with the exception of one which was large and 
positive. A fewer number of observations were utilized between 100 and 125 DIM due to 
missing observations. With previously recorded ET2ACT, associations (P < 0.15) were found 
with ADMI on 77 days. All estimated effects were small, with the exception of two. These two 
larger effects were opposite in sign of effect. The number of observations read and used for 
ET2ACT were similar for all DIM. 86 days showed association (P < 0.15) between previous 
ET2RUM data and ADMI. Estimates were typically small, with some effects being more 
moderate. These estimates tended to be positive. 
A.5 Discussion 
Prediction of Dry Mater Intake Utilizing the Single Day Model 
 Utilization of individual days of sensor measures from a single technology were not 
predictive of future feed intake in this population. Between 262 – 533 significant (P < 0.05) 
associations were found for sensor measure recorded on previous DIM with future ADMI, 
depending on the sensor measure utilized. However, effects were not consistent in direction and 
switched between being positive and negative in sign, regardless of sensor measure utilized. 
Further, after applying a multiple testing correction to P-values, none of these associations 
passed an adjusted P-value < 0.05.  
 It is not surprising that many of these associations are not predictive, as it would be 
expected that only a short window of previous days prior to the prediction day would be related. 
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This window is likely within two to three weeks. Furthermore, some comparisons made, for 
example ADMI on DIM 125 with sensor measures on DIM 50, may not be fair due to the 
differences in physiological state of the animal at these two timepoints. Specifically, between 
these two timepoints there is a difference in the energy demands of the animal, and in how 
energy is being partitioned/prioritized for use. Early in lactation, the majority of energy is being 
partitioned for milk production, whereas later energy is used for maintenance and pregnancy. 
Therefore, examining prediction within specific windows of time wherein energy demands are 
more similar may be beneficial. Lastly, it is worth noting that this study likely has insufficient 
data for a single measure from a single sensor to have predictive ability (maximum for any given 
day = 59).  
 
Stepwise Selection to Determine Predictors of ADMI 
 Although numerous associations (P < 0.15) were found between ADMI and sensor 
measures recorded on previous days, estimates were typically small and varied in direction. 
Although the impact of including multiple previous sensor measures in the model on the total 
variance accounted for in the model was not examined, it is expected that there was little 
predictive ability from these models given the P-values and size of the estimates. Moving 
forward, these models will be further examined with an increased number of measurement types. 
Of particular interest are the rumen bolus measures, as they show a high number of DIM with 
associations with previous data and more consistent patterns of estimates in both prediction 
methods. Further, the inclusion of multiple rumen bolus measures in a single model is to be 
explored. 
 
 129 
 
Future Work 
 Moving forward, windows of time that are more physiologically similar to the DMI that 
ADMI is being predicted on are to be explored. This is to be done by limiting the number of days 
prior to the predicted DIM included in model 4. Further, results from Chapter 2 indicate that 
health and THI are important to account for when utilizing sensor measures. As these have not 
been accounted for in these modeling techniques, sensor measures adjusted for the health status 
of an animal and the THI are to be examined. Moreover, the use of multiple types of sensor 
measures recorded via automated technologies will be evaluated in a single model. Combining 
measure types may aid in increasing the accuracy of predictive ability or variance explained in 
the model.  
 
Potential Applications of Predicting Feed intake 
 The ability to predict future feed intake from automated sensor data could facilitate real-
time management of animals though precision feeding, as well as precision management of 
health risks. For example, increases in energy demand due to an animal reaching peak milk could 
be anticipated in order to ensure adequate feed is provided. Further, producers could utilize 
predictions of decreased feed intake to limit feed waste and identify health events measured by 
sensors (Sepúlveda-Varas et al., 2016; Thorup et al., 2016; Van Winden et al., 2003). Thus, feed 
intake predictions may help to identify animals undergoing a health challenge prior to the 
presentation of clinical symptoms. An additional benefit of combining sensor and health data is 
that changes in feed intake due to illness could be quantified, which has yet to be done. These 
estimates would aid in determining the economic impact of health events, as well as the 
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recuperated costs by preventative care and treatments that prevent subclinical illness from 
becoming a larger health problem. 
A.6 Conclusions 
 Two predictive modeling approaches were evaluated to determine if future feed intake 
could be predicted from previously recorded automated sensor measures. Though significant 
associations were identified, both methods generally resulted in low estimated effects. Further, 
these estimates were not consistent in their sign (positive or negative). It appears that rumen 
bolus measure may be the most promising, as these measures had significant associations with 
ADMI and a higher level of consistency in effect size and direction across predicted DIM.  
 One major limiting factor in the current study is the amount of missing observations. It 
may be that because of this limitation, there is not enough power to accurately predict feed 
intake. Imputation of missing values could be used to increase the number of observations 
utilized in analyses. Moreover, as the cost of sensors decrease, larger data sets could be 
generated or identified to determine the predictive ability of sensor measures in estimating 
ADMI. A challenge is that few locations have the feed intake measurement technology available 
to create the datasets necessary to perform these training evaluations. Additionally, accounting 
for health and THI is likely important and should be considered in future work. Moving forward, 
the combination of multiple sensor measures in a single predictive model will be examined.  
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A.8 Table 
Table A.1. Associations of single day sensor measures with future adjusted dry matter intake. 
Sensor Measure Significant Associations 
 (P < 0.05) 
Average Days Prior Range in Days 
Prior 
Ear tag one 
activity 
411 23.95 1-60 
Rumen bolus 
activity 
272 20.66 1-52 
Ear tag two 
activity  
279 16.94 1-43 
Ear tag one 
temperature 
533 22.76 1-57 
Rumen bolus 
temperature 
365 20.04 1-52 
Rumen bolus pH  466 19.54 1-47 
Ear tag two 
rumination3 
262 17.64 1-46 
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A.9 Figures 
Figure A.1. Evaluation of single day ear tag one activity measures as candidate predictors of adjusted dry matter intake. Evaluation of ear tag 
one activity sensors to predict future feed intake at single days using single day activity data using Model 3, including: a single, previous daily 
average ear tag one activity as a covariate. A. Significance of ear tag one activity associations with adjusted dry mater intake (ADMI) is 
represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and the sensor DIM 
used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red color, with darker red being 
more significant. A total of 411 estimates were significant at P < 0.05. B. Estimates for single day predicted feed intake with activity data is 
presented where effect estimates are shown in the figure legend with positive estimates shown in darker shades of red with increasing positive 
value and estimates shown in darker shades of blue as the effect size becomes more negative. Estimates of effects do not differ greatly from zero 
and appear to be inconsistent over time, as they flip from positive to negative. 
A B 
 
135 
 
 
Figure A.2. Evaluation of single day ear tag one temperature measures as candidate predictors of adjusted dry matter intake. Evaluation of ear 
tag one temperature sensors to predict future feed intake at single days using single day activity data using Model 3, including: a single, previous 
daily average ear tag one temperature as a covariate. A. Significance of ear tag one temperature associations with adjusted dry mater intake 
(ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and the 
sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red color, with 
darker red being more significant. A total of 533 estimates were significant at P < 0.05. B. Estimates for single day predicted feed intake with 
temperature data is presented where effect estimates are shown in the figure legend with estimates shown in darker shades of red with increasing 
positive value and estimates shown in darker shades of blue as the effect size becomes more negative. Some estimates are large in size, but do not 
appear to follow a pattern. 
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Figure A.3. Evaluation of single day rumen bolus activity measures as candidate predictors of adjusted dry matter intake. Evaluation of rumen 
bolus activity sensors to predict future feed intake at single days using single day activity data using Model 3, including: a single, previous daily 
average rumen bolus activity as a covariate. A. Significance of rumen bolus activity associations with adjusted dry mater intake (ADMI) is 
represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and the sensor DIM 
used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red color, with darker red being 
more significant. A total of 272 estimates were significant at P < 0.05. B. Estimates for single day predicted feed intake with activity data is 
presented where effect estimates are shown in the figure legend with estimates shown in darker shades of red with increasing positive value and 
estimates shown in darker shades of blue as the effect size becomes more negative. Estimates are sizeable; however, they are inconsistent, 
switching from positive to negative. 
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Figure A.4. Evaluation of single day rumen bolus temperature measures as candidate predictors of adjusted dry matter intake. Evaluation of 
rumen bolus temperature sensors to predict future feed intake at single days using single day temperature data using Model 3, including: a single, 
previous daily average rumen bolus temperature as a covariate. A. Significance of rumen bolus temperature associations with adjusted dry mater 
intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and 
the sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red color, with 
darker red being more significant. A total of 365 estimates were significant at P < 0.05. B. Estimates for single day predicted feed intake with 
temperature data is presented where effect estimates are shown in the figure legend with estimates shown in darker shades of red with increasing 
positive value and estimates shown in darker shades of blue as the effect size becomes more negative. One estimate that tended toward significant 
(P < 0.15) showed a very large effect, with other effects being of a smaller magnitude. 
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Figure A.5. Evaluation of single day rumen bolus pH measures as candidate predictors of adjusted dry matter intake. Evaluation of rumen 
bolus pH sensors to predict future feed intake at single days using single day activity data using Model 3, including: a single, previous daily 
average rumen bolus pH as a covariate. A. Significance of rumen bolus pH associations with adjusted dry mater intake (ADMI) is represented by -
log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and the sensor DIM used to predict 
this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red color, with darker red being more 
significant. A total of 466 estimates were significant at P < 0.05. B. Estimates for single day predicted feed intake with pH data is presented where 
effect estimates are shown in the figure legend with estimates shown in darker shades of red with increasing positive value and estimates shown in 
darker shades of blue as the effect size becomes more negative. Estimates are sizeable but are not consistent in the direction of the effect. 
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Figure A.6. Evaluation of single day ear tag two activity measures as candidate predictors of adjusted dry matter intake. Evaluation of ear tag 
two activity sensors to predict future feed intake at single days using single day activity data using Model 3, including: a single, previous daily 
average ear tag two activity as a covariate. A. Significance of ear tag two activity associations with adjusted dry mater intake (ADMI) is 
represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and the sensor DIM 
used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red color, with darker red being 
more significant. A total of 279 estimates were significant at P < 0.05. B. Estimates for single day predicted feed intake with activity data is 
presented where effect estimates are shown in the figure legend with estimates shown in darker shades of red with increasing positive value and 
estimates shown in darker shades of blue as the effect size becomes more negative. Estimates were inconsistent in their relationship with ADMI, 
switching between positive and negative.  
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Figure A.7. Evaluation of single day ear tag two rumination measures as candidate predictors of adjusted dry matter intake. Evaluation of ear 
tag two rumination sensors to predict future feed intake at single days using single day activity data using Model 3, including: a single, previous 
daily average ear tag two rumination as a covariate. A. Significance of ear tag two rumination associations with adjusted dry mater intake (ADMI) 
is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and the sensor 
DIM used to predict this value on the X -axis.  Significance based on -log10(p-value) is indicated by the intensity of the red color, with darker red 
being more significant.  A total of 262 estimates were significant at P < 0.05. B. Estimates for single day predicted feed intake with rumination 
data is presented where effect estimates are shown in the figure legend with estimates shown in darker shades of red with increasing positive value 
and estimates shown in darker shades of blue as the effect size becomes more negative. Estimates tend to small and varying from negative to 
positive depending on the sensor DIM utilized. 
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Figure A.8. Evaluation of multiple days of ear tag one activity measures as candidate predictors of adjusted dry matter intake. Evaluation of ear 
tag one activity sensors to predict future feed intake at single days using stepwise selection of daily average activity data in Model 4, providing all 
previous daily average ear tag one activity measures for possible inclusion. A. Significance of ear tag one activity associations with adjusted dry 
mater intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-
axis and the number of days previous for the sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-value) is 
indicated by the intensity of the red color, with darker red being more significant. A total of 66 days had associations of P < 0.15 with previous 
sensor measures. B. Estimates for stepwise selection predicted feed intake with activity data is presented where effect estimates are shown in the 
figure legend with estimates shown in darker shades of red with increasing positive value and estimates shown in darker shades of blue as the 
effect size becomes more negative. Estimates are all near zero. C. Number of observations read (red) and utilized (blue) in prediction model. A 
large number of observations for DIM 100 and higher were not utilized due to missing values. 
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Figure A.9. Evaluation of multiple days of ear tag one temperature measures as candidate predictors of adjusted dry matter intake. Evaluation 
of ear tag one temperature sensors to predict future feed intake at single days using stepwise selection of daily average temperature data in Model 
4, providing all previous daily average ear tag one temperature measures for possible inclusion. A. Significance of ear tag one temperature 
associations with adjusted dry mater intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given 
day in milk (DIM) on the y-axis and the number of days previous for the sensor DIM used to predict this value on the X -axis. Significance based 
on -log10(p-value) is indicated by the intensity of the red color, with darker red being more significant. A total of 68 days had associations of P < 
0.15 with previous sensor measures. B. Estimates for stepwise selection predicted feed intake with temperature data is presented where effect 
estimates are shown in the figure legend with estimates shown in darker shades of red with increasing positive value and estimates shown in darker 
shades of blue as the effect size becomes more negative. With the exception of minimal estimates, effect size is estimated to be small. C. Number 
of observations read (red) and utilized (blue) in prediction model. A large number of observations for DIM 100 and higher were not utilized due to 
missing values. 
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Figure A.10. Evaluation of multiple days of rumen bolus activity measures as candidate predictors of adjusted dry matter intake.  Evaluation of 
rumen bolus activity sensors to predict future feed intake at single days using stepwise selection of daily average activity data in Model 4, 
providing all previous daily average rumen bolus activity measures for possible inclusion. A. Significance of rumen bolus activity associations 
with adjusted dry mater intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk 
(DIM) on the y-axis and the sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the 
intensity of the red color, with darker red being more significant. A total of 74 days had associations of P < 0.15 with previous sensor measures. 
B. Estimates for stepwise selection predicted feed intake with activity data is presented where effect estimates are shown in the figure legend with 
estimates shown in darker shades of red with increasing positive value and estimates shown in darker shades of blue as the effect size becomes 
more negative. Some estimated effects are sizable; however, these estimates are not consistent in their direction. C. Number of observations read 
(red) and utilized (blue) in prediction model. Observation not utilized occurred more often around 100 DIM, due to missing data. 
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Figure A.11. Evaluation of multiple days of rumen bolus temperature measures as candidate predictors of adjusted dry matter intake. 
Evaluation of rumen bolus temperature sensors to predict future feed intake at single days using stepwise selection of daily average temperature 
data in Model 4, providing all previous daily average rumen bolus temperature measures for possible inclusion. A. Significance of rumen bolus 
temperature associations with adjusted dry mater intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed 
intake on a given day in milk (DIM) on the y-axis and the sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-
value) is indicated by the intensity of the red color, with darker red being more significant. A total of 95 days had associations of P < 0.15 with 
previous sensor measures. B. Estimates for stepwise selection predicted feed intake with temperature data is presented where effect estimates are 
shown in the figure legend with estimates shown in darker shades of red with increasing positive value and estimates shown in darker shades of 
blue as the effect size becomes more negative. A limited number of effects were estimated to be large, with more of these being negative.    
C. Number of observations read (red) and utilized (blue) in prediction model. A larger difference in observations read and used occurred between 
100 and 125 DIM, due to missing observations.  
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Figure A.12. Evaluation of multiple days of rumen bolus pH measures as candidate predictors of adjusted dry matter intake.  Evaluation of 
rumen bolus pH sensors to predict future feed intake at single days using stepwise selection of daily average pH data in Model 4, providing all 
previous daily average rumen bolus pH measures for possible inclusion. A. Significance of rumen bolus pH associations with adjusted dry mater 
intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the y-axis and 
the sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red color, with 
darker red being more significant. A total of 73 days had associations of P < 0.15 with previous sensor measures. B. Estimates for stepwise 
selection predicted feed intake with pH data is presented where effect estimates are shown in the figure legend with estimates shown in darker 
shades of red with increasing positive value and estimates shown in darker shades of blue as the effect size becomes more negative. Effects were 
all moderate in size, with the exception of one, which was positive. C. Number of observations read (red) and utilized (blue) in prediction model. 
Fewer observations were utilized between 100 and 125 DIM, as a result of missing observations.  
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Figure A.13. Evaluation of multiple days of ear tag two activity measures as candidate predictors of adjusted dry matter intake. Evaluation of 
ear tag two activity sensors to predict future feed intake at single days using stepwise selection of daily average activity data in Model 4, providing 
all previous daily average ear tag two activity measures for possible inclusion. A. Significance of ear tag two activity associations with adjusted 
dry mater intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk (DIM) on the 
y-axis and the sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the intensity of the red 
color, with darker red being more significant. A total of 77 days had associations of P < 0.15 with previous sensor measures. B. Estimates for 
stepwise selection predicted feed intake with activity data is presented where effect estimates are shown in the figure legend with estimates shown 
in darker shades of red with increasing positive value and estimates shown in darker shades of blue as the effect size becomes more negative. All 
estimates were small, with the exception of two, which differed in sign of effect. C. Number of observations read (red) and utilized (blue) in 
prediction model. Observations read and used were similar at all DIM. 
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Figure A.14. Evaluation of multiple days of ear tag two rumination measures as candidate predictors of adjusted dry matter intake. Evaluation 
of ear tag two rumination sensors to predict future feed intake at single days using stepwise selection of daily average rumination data in Model 4, 
providing all previous daily average ear tag two rumination measures for possible inclusion. A. Significance of ear tag two rumination associations 
with adjusted dry mater intake (ADMI) is represented by -log10(P-value). The plot displays the significance for feed intake on a given day in milk 
(DIM) on the y-axis and the sensor DIM used to predict this value on the X -axis. Significance based on -log10(p-value) is indicated by the 
intensity of the red color, with darker red being more significant. A total of 86 days had associations of P < 0.15 with previous sensor measures.  
B. Estimates for stepwise selection predicted feed intake with re data is presented where effect estimates are shown in the figure legend with 
estimates shown in darker shades of red with increasing positive value and estimates shown in darker shades of blue as the effect size becomes 
more negative. Estimates were typically small, with the exception of some sizeable effect estimates. These estimates were more often positive.   
C. Number of observations read (red) and utilized (blue) in prediction model. Observations read and used were similar at all DIM.  
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